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1 Intr oduction

Clusteringalgorithmsdividedatainto meaningfulorusefulgroups,calledclusters, suchthattheintra-clustersimilarity
is maximizedand the inter-clustersimilarity is minimized. Thesediscoveredclusterscan be usedto explain the
characteristicsof theunderlyingdatadistributionandthusserve asthefoundationfor variousdataminingandanalysis
techniques.Theapplicationsof clusteringincludecharacterizationof differentcustomergroupsbaseduponpurchasing
patterns,categorizationof documentson the World Wide Web, groupingof genesand proteinsthat have similar
functionality, groupingof spatiallocationsproneto earthquakesfrom seismologicaldata,etc.

1.1 What is CLUTO

CLUTO is asoftwarepackagefor clusteringlow andhighdimensionaldatasetsandfor analyzingthecharacteristicsof
thevariousclusters.

CLUTO providesthreedifferentclassesof clusteringalgorithmsthatoperateeitherdirectly in theobject’s feature
spaceor in the object’s similarity space.Thesealgorithmsarebasedon the partitional,agglomerative, andgraph-
partitioningparadigms. A key featurein most of CLUTO’s clusteringalgorithmsis that they treat the clustering
problemasanoptimizationprocesswhich seeksto maximizeor minimizea particularclustering criterion function
definedeitherglobally or locally over theentireclusteringsolutionspace.CLUTO providesa total of seven different
criterionfunctionsthatcanbeusedto drivebothpartitionalandagglomerativeclusteringalgorithms,thataredescribed
andanalyzedin [6, 5]. Mostof thesecriterionfunctionshavebeenshown to producehighqualityclusteringsolutions
in highdimensionaldatasets,especiallythosearisingin documentclustering.In additionto thesecriterionfunctions,
CLUTO providessomeof the moretraditionallocal criteria (e.g., single-link,complete-link,andUPGMA) that can
beusedin thecontext of agglomerativeclustering.Furthermore,CLUTO providesgraph-partitioning-basedclustering
algorithmsthatarewell-suitedfor finding clustersthatform contiguousregionsthatspandifferentdimensionsof the
underlyingfeaturespace.

An importantaspectof partitional-basedcriterion-driven clusteringalgorithmsis themethodusedto optimizethis
criterion function. CLUTO usesa randomizedincrementaloptimizationalgorithmthat is greedyin nature,haslow
computationalrequirements,andhasbeenshown to producehigh-qualityclusteringsolutions[6]. CLUTO’s graph-
partitioning-basedclusteringalgorithmsutilize high-qualityandefficient multilevel graphpartitioningalgorithmsde-
rived from theMETIS andhMETIS graphandhypergraphpartitioningalgorithms[4, 3].

CLUTO alsoprovidestools for analyzingthe discoveredclustersto understandthe relationsbetweenthe objects
assignedto eachclusterand the relationsbetweenthe different clusters,and tools for visualizing the discovered
clusteringsolutions.CLUTO canidentify thefeaturesthatbestdescribeand/ordiscriminateeachcluster. Thesesetof
featurescanbeusedto gainabetterunderstandingof thesetof objectsassignedto eachclusterandto provideconcise
summariesaboutthecluster’s contents.Moreover, CLUTO providesvisualizationcapabilitiesthatcanbeusedto see
therelationshipsbetweentheclusters,objects,andfeatures.

CLUTO’salgorithmshavebeenoptimizedfor operatingon verylargedatasetsbothin termsof thenumberof objects
aswell asthenumberof dimensions.This is especiallytruefor CLUTO’s algorithmsfor partitionalclustering.These
algorithmscanquickly clusterdatasetswith several tensof thousandsobjectsandseveral thousandsof dimensions.
Moreover, sincemosthigh-dimensionaldatasetsarevery sparse,CLUTO directly takesinto accountthis sparsityand
requiresmemorythatis roughlylinearon theinputsize.

CLUTO’s distribution consistsof bothstand-aloneprograms(vcluster andscluster) for clusteringandanalyzing
theseclusters,aswell as,a library via which an applicationprogramcanaccessdirectly the variousclusteringand
analysisalgorithmsimplementedin CLUTO.

1.2 Outline of CLUTO’s Manual

CLUTO’s manualis organizedasfollows. Section2 describethemajorchangesfrom thepreviousrelease.Section3
describesthestand-aloneprogramsprovidedby CLUTO, anddiscussesits variousoptionsandanalysiscapabilities.
Section4 describesthetypeof clustersthatCLUTO’salgorithmscanfind,anddiscussestheirscalability. Section5 de-

4



scribestheapplicationprogramminginterface(API) of thestand-alonelibrary thatimplementsthevariousalgorithms
implementedin CLUTO. Finally, Section6 describesthesystemrequirementsfor theCLUTO package.

2 Major Chang es From Release 1.5

The latestreleaseof CLUTO containsmany majoradditionsover its earlierreleaseanda numberof minor changes.
Themajorchangesarethefollowing:

1. CLUTO providesa new classof clusteringalgorithmsbasedon thegraph-partitioningparadigm,thatarewell-
suitedfor findingnon-globularclusters.

2. All of CLUTO’s clusteringalgorithmshave beenextendedto operateon a usersuppliedobject-to-objectsim-
ilarity matrix. This allows CLUTO’s infrastructureto be usedfor clusteringarbitrarydatasets(e.g., protein
sequences,3D structures,etc.), providedthatthepair-wisesimilarity betweentheobjectscanbecomputed.

3. CLUTO’s agglomerative algorithmhasbeenextendedto includethe traditionalsingle-link,complete-link,and
group-averagemergingschemes.

4. CLUTO now provideslimited supportfor Euclidean-distance basedsimilarity measures.

5. CLUTO cannow computea clusteringsolutionby combiningboth partitionalandagglomerative approaches.
In this approach,theoverallk-way clusteringsolutionis obtainedby first findinganm-way clusteringsolution
usingapartitionalalgorithm(m > k), andthenthefinal solutionis obtainedbyusinganagglomerativealgorithm
to combinesomeof theseclusters.This framework was motivatedby the CHAMELEON clusteringalgorithm
[2], andcanbeusedto find non-globularclusters.

6. CLUTO’s stand-aloneprogramsandlibrary API havebeenre-designedto accommodatetheadditions.

7. CLUTO’s input routineshave beenmodifiedto automaticallydetectwhetheror not the input files aresparseor
dense.As a result,the-denseinputoptionhasbeeneliminated.
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3 Using CLUTO via its Stand-Alone Program

CLUTO providesaccessto its variousclusteringandanalysisalgorithmsvia thevcluster andscluster stand-alone
programs.The key differencebetweentheseprogramsis that vcluster takes asinput the actualmulti-dimensional
representationof theobjectsthatneedto beclustered(i.e., “v” comesfrom vector), whereasscluster takes asinput
thesimilarity matrix (or graph)betweentheseobjects(i.e., “s” comesfrom similarity). Besidesthis difference,both
programsprovidesimilar functionality.

Therestof thissectiondescribeshow to usetheseprograms,how to interprettheiroutput,theformatof thevarious
inputfiles they require,andtheformatof theoutputfiles they produce.

3.1 The vcluster and scluster Clustering Programs

Thevcluster andscluster programsareusedto clusteracollectionof objectsinto apredeterminednumberof clusters
k. The vcluster programtreatseachobjectasa vectorin a high-dimensionalspace,andit computesthe clustering
solutionusingoneof five differentapproaches.Four of theseapproachesarepartitional in nature,whereasthefifth
approachis agglomerative. On the otherhand,the scluster programoperateson the similarity spacebetweenthe
objectsandcancomputetheoverallclusteringsolutionusingthesamesetof fivedifferentapproaches.

Both thevcluster andscluster programsareinvoked by providing two requiredparameterson thecommandline
alongwith anumberof optionalparameters.Theiroverallcallingsequenceis asfollows:

vcluster [optionalparameters] MatrixFile NClusters
scluster [optionalparameters] GraphFile NClusters

MatrixFile is the nameof thefile that storesthen objectsto beclustered.In vcluster, eachoneof theseobjectsis
consideredto bea vectorin anm-dimensionalspace.Thecollectionof theseobjectsis treatedasann × m matrix,
whoserows correspondto the objects,andwhosecolumnscorrespondto the dimensionsof the featurespace.The
exact formatof thematrix-file is describedin Section3.3.1. Similarly, GraphFile, is thenameof thefile thatstores
theadjacency matrix of thesimilarity graphbetweenthen objectsto beclustered.Theexactformatof thegraph-file
is describedin Section3.3.2. The secondargumentfor both programs,NClusters, is the numberof clustersthat is
desired.

Uponsuccessfulexecution,vcluster andscluster displaystatisticsregardingthequalityof thecomputedclustering
solutionandtheamountof timetakento performtheclustering.Theactualclusteringsolutionis storedin afile named
MatrixFile.clustering.NClusters (or GraphFile.clustering.NClusters), whoseformatis describedin Section3.4.1.

Thebehavior of vcluster andscluster canbecontrolledby specifyinga numberof differentoptionalparameters
(describedin subsequentsections).Theseparameterscanbebroadlycategorizedinto threegroups.Thefirst group
controlsvariousaspectsof theclusteringalgorithm,thesecondgroupcontrolsthetypeof analysisandreportingthatis
performedonthecomputedclusters,andthethirdsetcontrolsthevisualizationof theclusters.Theoptionalparameters
arespecifiedusingthe standard-paramname or -paramname=value formats,wherethe nameof the optional
parameterparamname canbetruncatedto a uniqueprefixof theparametername.

Examples of Using vcluster and scluster Figure1 shows theoutputof vcluster for clusteringa matrix into
10 clusters.Fromthis figurewe seethatvcluster initially prints informationaboutthematrix, suchasits name,the
numberof rows(#Rows), thenumberof columns(#Columns), andthenumberof non-zerosin thematrix(#NonZeros).
Next it printsinformationaboutthevaluesof thevariousoptionsthatit usedto computetheclustering(wewill discuss
thevariousoptionsin thesubsequentsections),andthenumberof desiredclusters(#Clusters). Onceit computesthe
clusteringsolution, it displaysinformationregardingthe quality of the overall clusteringsolutionand the quality
of eachcluster. The meaningof the variousmeasuresthat are reportedwill be discussedin Section3.2. Finally,
vcluster reportsthe time takenby thevariousphasesof theprogram.For this particularexample,vcluster required
0.920secondsto readtheinput file andwrite theclusteringsolution,12.440secondsto computetheactualclustering
solution,and0.220secondsto computestatisticsonthequalityof theclustering.

Similarly, Figure2 shows theoutputof scluster for clusteringa differentdatasetinto 10 clusters.In this example
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prompt% vcluster sports.mat 10
*******************************************************************************
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information -----------------------------------------------------------
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options ----------------------------------------------------------------------
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution ---------------------------------------------------------------------

------------------------------------------------------------------------
10-way clustering: [I2=2.29e+03] [8580 of 8580]
------------------------------------------------------------------------
cid Size ISim ISdev ESim ESdev |
------------------------------------------------------------------------

0 364 +0.166 +0.050 +0.020 +0.005 |
1 628 +0.106 +0.041 +0.022 +0.007 |
2 793 +0.102 +0.036 +0.018 +0.006 |
3 754 +0.100 +0.034 +0.021 +0.006 |
4 845 +0.095 +0.035 +0.023 +0.007 |
5 637 +0.079 +0.036 +0.022 +0.008 |
6 1724 +0.059 +0.026 +0.022 +0.007 |
7 703 +0.049 +0.018 +0.016 +0.006 |
8 1025 +0.054 +0.016 +0.021 +0.006 |
9 1107 +0.029 +0.010 +0.017 +0.006 |

------------------------------------------------------------------------

Timing Information -----------------------------------------------------------
I/O: 0.920 sec
Clustering: 12.440 sec
Reporting: 0.220 sec

*******************************************************************************

Figure 1: Output of vcluster for matrix sports.mat and a 10-way clustering.

the similarity betweenthe objectswas computedasthe cosinebetweenthe objectvectors.Fromthis figurewe see
that scluster initially prints informationaboutthe graph,suchas its name,the numberof vertices(#vtxs), andthe
numberof edgesin thegraph(#Edges). Next it prints informationaboutthevaluesof thevariousoptionsthat it used
to computetheclustering,andthenumberof desiredclusters(#Clusters). Onceit computestheclusteringsolution,
it displaysinformationregardingthequality of theoverall clusteringsolutionandthequality of eachcluster. Finally,
scluster reportsthe time takenby thevariousphasesof theprogram.For this particularexample,scluster required
12.930secondsto readtheinputfile andwrite theclusteringsolution,34.730secondsto computetheactualclustering
solution,and0.610secondsto computestatisticson thequality of theclustering.Note thateventhoughthedataset
usedby scluster containedonly 3204objects,it tookalmost3× moretime thanthatrequiredby vcluster to clustera
datasetwith 8580objects.Theperformancedifferencebetweenthesetwo approachesis dueto thefact thatscluster
operateson thegraphthatin this examplecontainsalmost32042 edges.

3.1.1 Clustering Algorithm Parameter s

Therearea total of 18 differentoptionalparametersthat controlhow vcluster andscluster computethe clustering
solution.Thenameandfunctionof theseparametersis describedin therestof this section.Notefor eachparameter
we alsolist theprogram(s)for whichthey areapplicable.

-clmethod=string vcluster & scluster
Thisparameterselectsthemethodto beusedfor clusteringtheobjects.Thepossiblevaluesare:

rb In this method,the desiredk-way clusteringsolutionis computedby performinga sequenceof
k − 1 repeated bisections. In this approach,thematrix is first clusteredinto two groups,thenone
of thesegroupsis selectedandbisectedfurther. This processcontinuousuntil thedesirednumber
of clustersis found.Duringeachstep,theclusteris bisectedsothattheresulting2-wayclustering
solutionoptimizesa particularclusteringcriterion function (which is selectedusing the -crfun
parameter).Notethatthis approachensuresthatthecriterionfunctionis locally optimizedwithin
eachbisection,but in generalis not globally optimized. The clusterthat is selectedfor further
partitioningis controlledby the-cstypeparameter. By default,vcluster usesthisapproachto find
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prompt% scluster la1.graph 10
*******************************************************************************
scluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Graph Information ------------------------------------------------------------
Name: la1.graph, #Vtxs: 3204, #Edges: 10252448

Options ----------------------------------------------------------------------
CLMethod=RB, CRfun=I2, #Clusters: 10
EdgePrune=-1.00, VtxPrune=-1.00, GrModel=SY-DIR, NNbrs=40, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution ---------------------------------------------------------------------

------------------------------------------------------------------------
10-way clustering: [I2=6.59e+02] [3204 of 3204]
------------------------------------------------------------------------
cid Size ISim ISdev ESim ESdev |
------------------------------------------------------------------------

0 93 +0.128 +0.045 +0.013 +0.003 |
1 261 +0.083 +0.025 +0.013 +0.003 |
2 214 +0.048 +0.024 +0.015 +0.005 |
3 191 +0.043 +0.014 +0.013 +0.004 |
4 285 +0.040 +0.015 +0.013 +0.004 |
5 454 +0.036 +0.015 +0.013 +0.005 |
6 302 +0.035 +0.015 +0.011 +0.004 |
7 307 +0.027 +0.009 +0.012 +0.004 |
8 504 +0.027 +0.010 +0.014 +0.005 |
9 593 +0.032 +0.013 +0.012 +0.004 |

------------------------------------------------------------------------

Timing Information -----------------------------------------------------------
I/O: 12.930 sec
Clustering: 34.730 sec
Reporting: 0.610 sec

*******************************************************************************

Figure 2: Output of scluster for graph la1.graph and a 10-way clustering.

thek-wayclusteringsolution.

rbr In this methodthe desiredk-way clusteringsolution is computedin a fashionsimilar to the
repeated-bisectingmethodbut at theend,theoverall solutionis globally optimized.Essentially,
vcluster usesthesolutionobtainedby -clmethod=rbastheinitial clusteringsolutionandtriesto
furtheroptimizetheclusteringcriterionfunction.

dir ect In this method,thedesiredk-way clusteringsolutionis computedby simultaneouslyfindingall k
clusters.In general,computinga k-way clusteringdirectly is slower thanclusteringvia repeated
bisections. In termsof quality, for reasonablysmall valuesof k (usually lessthan10–20),the
directapproachleadsto betterclustersthanthoseobtainedvia repeatedbisections.However, ask
increases,therepeated-bisectingapproachtendsto bebetterthandirectclustering.

agglo In thismethod,thedesiredk-wayclusteringsolutioniscomputedusingtheagglomerative paradigm
whosegoalis to locally optimize(minimizeor maximize)aparticularclusteringcriterionfunction
(which is selectedusingthe-crfun parameter).Thesolutionis obtainedby stoppingtheagglom-
erationprocesswhenk clustersareleft.

graph In this method,the desiredk-way clusteringsolutionis computedby first modelingthe objects
usinga nearest-neighborgraph(eachobjectbecomesa vertex, andeachobject is connectedto
its mostsimilar otherobjects),andthensplitting thegraphinto k-clustersusinga min-cutgraph
partitioningalgorithm.Note that if the graph containsmore than oneconnectedcomponent,
then vcluster and scluster return a (k+m)-wayclustering solution,wherem is the number
of connectedcomponentsin the graph.

The suitability of theseclusteringmethodsare in generaldomainandapplicationdependent.Section4
discussesrelativemeritsof thevariousmethodsandtheir scalabilitycharacteristics.Also, youcanreferto
[6, 5] (which areincludedwith CLUTO’ distribution) for a detailedcomparisonsof therb, rbr, direct, and
agglo approachesin thecontext of clusteringdocumentdatasets.

-sim=string vcluster
Selectsthesimilarity functionto beusedfor clustering.Thepossiblevaluesare:
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cos Thesimilarity betweenobjectsis computedusingthecosinefunction.This is thedefault setting.

corr Thesimilarity betweenobjectsis computedusingthecorrelationcoefficient.

dist Thesimilarity betweenobjectsis computedto beinverselyproportionalto theEuclideandistance
betweentheobjects.This similarity functionis only applicablewhen-clmethod=graph.

Theruntimeof vcluster mayincreasefor -sim=corr, as it needsto storeandoperateon thedensen × m
matrix.

-crfun=string vcluster & scluster
Thisparameterselectstheparticularclusteringcriterionfunctionto beusedin findingtheclusters.A total
of seven differentclusteringcriterionfunctionsareprovidedthatareselectedby specifyingtheappropriate
integervalue.Thepossiblevaluesfor -crfunare:

i1 SelectstheI1 criterionfunction.

i2 SelectstheI2 criterionfunction. This is thedefault settingfor all but thegraph-basedclustering
method,whichusesamin-cutbasedcriterionfunction.

e1 SelectstheE1criterionfunction.

g1 SelectstheG1criterionfunction.

g1p SelectstheG1′ criterionfunction.

h1 SelectstheH1 criterionfunction.

h2 SelectstheH2 criterionfunction.

slink Selectsthetraditionalsingle-linkcriterionfunction.

wslink Selectsacluster-weightedsingle-linkcriterionfunction.

clink Selectsthetraditionalcomplete-linkcriterionfunction.

wclink Selectsacluster-weightedcomplete-linkcriterionfunction.

upgma SelectsthetraditionalUPGMA criterionfunction.

Theprecisemathematicaldefinitionof thefirst seven functionsis shown in Table1. Thereaderis referredto
[6] for bothadetaileddescriptionandevaluationof thevariouscriterionfunctions.Theslink, wslink, clink,
wclink, andupgmacriterionfunctionscanonly beusedwithin thecontext of agglomerativeclustering,and
cannotbeusedfor partitionalclustering.

Thewslink andwclink criterion functionweredesignedfor building an agglomerative solutionon top of
an existing clusteringsolution(see-agglofrom, or -showtreeoptions). In this context, the weight of the
“link” betweentwo clustersSi andSj is setequalto theaggregatesimilarity betweentheobjectsof Si to
theobjectsin Sj dividedby thetotal similarity betweentheobjectsin Si

⋃

Sj .

Thevariouscriterionfunctionscansometimesleadtosignificantlydifferentclusteringsolutions.In general,
the�2 and�2 criterionfunctionsleadto very goodclusteringsolutions,whereasthe� 1 and� ′

1 criterion
functionsleadsto solutionsthatcontainclustersthatareof comparablesize. However, thechoiceof the
right criterion function dependson the underlyingapplicationarea,and the usershouldperformsome
experimentationbeforeselectingoneappropriatefor his/herneeds.

Notethatthecomputationalcomplexity of theagglomerativeclusteringalgorithm(i.e., -clmethod=agglo)
dependsonthecriterionfunctionthatis selected.In particular, if n is thenumberof objects,thecomplexity
for �1 and�2 criterionfunctionsis O(n3), whereasthecomplexity of theremainingcriterionfunctions
is O(n2 logn). Thehighercomplexity for �1 and�2 is dueto thefact that thesetwo criterionfunctions
aredefinedglobally over the entiresolutionandthey cannotbe accuratelyevaluatedbasedon the local
combinationof two clusters.
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CriterionFunction OptimazitionFunction

�1 maximize
k

∑

i=1

1

ni

(

∑

v,u∈Si

sim(v, u)

)

(1)

�2 maximize
k

∑

i=1

√

∑

v,u∈Si

sim(v, u) (2)

�1 minimize
k

∑

i=1

ni

∑

v∈Si ,u∈S sim(v, u)
√

∑

v,u∈Si
sim(v, u)

(3)

�1 minimize
k

∑

i=1

∑

v∈Si ,u∈S sim(v, u)
∑

v,u∈Si
sim(v, u)

(4)

�′
1 minimize

k
∑

i=1

n2
i

∑

v∈Si ,u∈S sim(v, u)
∑

v,u∈Si
sim(v, u)

(5)

�1 maximize
�1

�1
(6)

�2 maximize
�2

�1
(7)

Table 1: The mathematical definition of CLUTO’s clustering criterion functions. The notation in these equations are as follows: k
is the total number of clusters, S is the total objects to be clustered, Si is the set of objects assigned to the i th cluster, ni is the
number of objects in the i th cluster, v and u represent two objects, and sim(v, u) is the similarity between two objects.

-agglofrom=int vcluster & scluster
Thisparameterinstructstheclusteringprogramsto computeaclusteringby combiningboththepartitional
andagglomerative methods.In this approach,thedesiredk-way clusteringsolutionis computedby first
clusteringthedatasetinto m clusters(m > k), andthenthefinal k-way clusteringsolutionis obtainedby
merging someof theseclustersusinganagglomerative algorithm. Thenumberof clustersm is the input
to thisparameter. Themethodusedto obtainedtheagglomerativesolutionis controlledby the-agglocrfun
parameter.

Thisapproachwasmotivatedby thetwo-phaseclusteringapproachof theCHAMELEON algorithm[2], and
was designedto allow the userto computea clusteringsolutionthat usesa differentclusteringcriterion
function for the partitioningphasefrom that usedfor the agglomerationphase.An applicationof such
anapproachis to allow theclusteringalgorithmto find non-globular clusters.In this case,thepartitional
clusteringsolutioncanbecomputedusinga criterionfunctionthatfavorsglobularclusters(e.g., ‘i2’), and
thencombinetheseclustersusinga single-link approach(e.g., ‘wslink’) to find non-globular but well-
connectedclusters.Figure3 shows two suchexamplesfor two 2D pointdatasets.

-agglocrfun=string vcluster & scluster
Thisparametercontrolsthecriterionfunctionthatis usedduringtheagglomerationwhen-agglofromoption
was specified.Thevaluesthatthis parametercantake areidenticalto thoseusedby the-crfun parameter.
If -agglocrfun is not specified,then for all but the graph-partitioning-basedclusteringmethodsit uses
the samecriterion function asthat usedto find the clusters. In the caseof the graph-partitioning-based
clusteringmethods,it usesthe“wslink” criterionfunction.

-cstype=string vcluster & scluster
This parameterselectsthemethodthat is usedto selecttheclusterto bebisectednext when-clmethodis
equalto “rb”, “rbr”, or “graph”. Thepossiblevaluesare:

large Selectsthelargestclusterto bebisectednext.
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(a) (b)

Figure 3: Examples of using the -agglofrom option for two spatial datasets. The result in (a) was obtained by running ‘vclus-
ter t4.mat 6 -clmethod=graph -sim=dist -agglofrom=30’ and the results in (b) was obtained by running ‘vcluster t7.mat 9 -
clmethod=graph -sim=dist -agglofrom=30’.

best Selectsthe clusterwhosebisectionwill optimize the value of the overall clusteringcriterion
functionthemost.This is thedefaultoption.

Note that in the caseof graph-partitioningbasedclustering,the overall criterion function is
evaluatedin termsof theratiocut,asto prevent(upto apoint)thecreationof verysmallclusters.
However, this methodis not 100%robust,so if you noticethat in your datasetyou aregetting
a clusteringsolutionthat containsvery large andvery small clusters,you shoulduse“large”
instead.

-fulltr ee=string vcluster & scluster
Buildsacompletehierarchicaltreethatpreservestheclusteringsolutionthatwascomputed.In thishierar-
chicalclusteringsolution,theobjectsof eachclusterform a subtree,andthedifferentsubtreesaremerged
to getanall inclusive clusterat theend. Thehierarchicalagglomerative clusteringis computedso that it
optimizesthe selectedclusteringcriterion function (specifiedby -crfun). This option shouldbe usedto
obtainahierarchicalagglomerativeclusteringsolutionfor verylargedatasets,andfor re-orderingtherows
of thematrixwhen-plotmatrixis specified.Notethatthisoptioncanonly beusedwith the“rb”, “rbr”, and
“direct” clusteringmethods.

-rowmodel=string vcluster
Selectsthemodelto beusedto scalethevariouscolumnsof eachrow. Thepossiblevaluesare:

none Thecolumnsof eachrow arenot scaledandusedasthey areprovidedin theinput file. This is
thedefault setting.

maxtf Thecolumnsof eachrow arescaledsothattheir valuesarebetween0.5and1.0. In particular,
the j th columnof thei th row of thematrix (r i, j ) is scaledto beequalto

r ′
i, j = 0.5 + 0.5

r i, j

maxl(r i,l )
.

This scalingwas motivatedby a similar scalingof documentvectorsin informationretrieval,
andit is referredto astheMAXTFscalingscheme.

sqrt Thecolumnsof eachrow arescaledto beequalto thesquare-rootof their actualvalues.That
is, r ′

i, j = sign(r i, j )
√

r i, j , wheresign(r i, j ) is 1.0 or -1.0, dependingon whetheror not r i, j is
positiveor negative. Thisscalingis referredto astheSQRTscalingscheme.

log The columnsof eachrow are scaledto be equalto the log of their actualvalues. That is,
r ′
i, j = sign(r i, j ) log2 r i, j . Thisscalingis referredto astheLOG scalingscheme.
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Thelast threescalingschemesareprimarily usedto smoothlargevaluesin certaincolumns(i.e., dimen-
sions)of eachvector.

-colmodel=string vcluster
Selectsthemodelto beusedto scalethevariouscolumnsgloballyacrossall therows. Thepossiblevalues
are:

none The columnsof the matrix arenot globally scaled,andthey areusedasis. This is the default
settingusedby vcluster whenthecorrelationcoefficient-basedsimilarity functionis used.

idf Thecolumnsof thematrixarescaledaccordingto theinverse-document-frequency(IDF) paradigm,
usedin informationretrieval. In particular, if rf i is thenumberof rows that the i th columnbe-
longsto, theneachentryof thei th columnis scaledby − log2(rf i /n). Theeffectof thisscalingis
to de-emphasizecolumnsthatappearin many rows. This is thedefault settingusedby vcluster
whenthecosinesimilarity functionis used.

The global scalingof the columnsoccursafter the per-row column scalingselectedby the -rowmodel
parameterhasbeenperformed.

Thechoiceof theoptionsfor both-rowmodeland-colmodelweremotivatedby theclusteringrequirements
of high-dimensionaldatasetsarisingin documentandcommercialdatasets.However, for otherdomains
the providedoptionsmay not be sufficient. In suchdomains,the datashouldbe pre-processedto apply
the desiredrow/columnmodelbeforesupplyingthem to CLUTO. In that case-rowmodel=noneand -
colmodel=noneshouldprobablybeused.

-colprune=float vcluster
Selectsthe factorby which vcluster will prunethe columnsbeforeperformingthe clustering. This is a
numberp between0.0and1.0andindicatesthefractionof theoverallsimilarity thattheretainedcolumns
mustaccountfor. For example,if p = 0.9,vcluster first determineshow mucheachcolumncontributesto
the overall pairwisesimilarity betweenthe rows, and then selectsas many of the highestcontributing
columnsas requiredto accountfor 90% of the similarity. Reasonablevaluesare within the rangeof
(0.8 · · ·1.0), and the default valueusedby vcluster is 1.0, indicating that no columnswill be pruned.
In general,this parameterleadsto a substantialreductionof the numberof columns(i.e., dimensions)
withoutseriouslyaffectingtheoverallclusteringquality.

-nnbrs=int vcluster & scluster
This parameterspecifiesthenumberof nearestneighborsof eachobjectthatwill beusedin creatingthe
nearestneighborgraphthat is usedby the graph-partitioningbasedclusteringalgorithm. The exact ap-
proachof combiningthesenearest-neighborsto createthegraphis controlledby the -grmodelparameter.
Thedefault valuefor this parameteris setto 40.

-grmodel=string vcluster & scluster
Thisparametercontrolsthetypeof nearest-neighborgraphthatwill beconstructedon thefly andsupplied
to thegraph-partitioningbasedclusteringalgorithm.Thepossiblevaluesare:

sd Symmetric-Direct
A graphis constructedso that therewill be an edgebetweentwo objectsu andv if andonly if
bothof themarein thenearest-neighborlists of eachother. That is, v is oneof thennbrs of u
andvice versa.Theweightof this edgeis setequalto thesimilarity of theobjects(or inversely
relatedto theirdistance).This is thedefaultoptionusedby bothvcluster andscluster.

ad Asymmetric-Direct
A graphis constructedsothattherewill be an edgebetweentwo objectsu andv aslong asone
of themis in thenearest-neighborlists of theother. That is, v is oneof thennbrs of u and/oru
is oneof thennbrs of v. Theweightof this edgeis setequalto thesimilarity of theobjects(or
inverselyrelatedto theirdistance).
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sl Symmetric-Link
A graphis constructedthathasexactly thesameadjacency structureasthatof the “sd” option.
However, theweightof eachedge(u, v) is setequalto thenumberof verticesthatarein common
in theadjacency lists of u andv (i.e., is equalto the numberof sharednearestneighbors).We
will referto this asthe link(u, v) countbetweenu andv. This optionwas motivatedby the link
graphusedby theCUREclusteringalgorithm[1].

al Asymmetric-Link
A graphis constructedthathasexactly thesameadjacency structureasthatof the “ad” option.
However, theweightof eachedge(u, v) is setin a fashionsimilar to “sl”.

none This optionis usedonly by scluster andindicatesthattheinputgraphwill beusedasis.

-edgeprune=float vcluster & scluster
This parametercanbe usedto eliminatecertainedgesfrom the nearest-neighborgraphthat will tendto
connectverticesbelongingto differentclusters.In particular, if x is thesuppliedparameter, thenan edge
(u, v) will beeliminatedif andonly if

link(u, v) < x ∗ nnbrs,

wherelink(u, v) is asdefinedin -grmodel=sl, andnnbrs is thenumberof nearestneighborsusedin creating
thegraph.

Thebasicmotivationbehindthis pruningmethodis that if two verticesarepartof the sameclusterthey
shouldbe part of a well-connectedsubgraph(i.e., be part of a sufficiently large clique-like subgraph).
Consequently, their adjacency lists musthave many commonvertices. If thatdoesnot happen,thenthat
edgemayhavebeencreatedbecausetheseobjectsmatchedin non-relevantaspectsof their featurevectors,
or it maybe an edgebridgingseparateclusters.In eithercase,it canpotentiallybeeliminated.

The default value ofthis parameteris set to -1, indicatingno edge-pruning.Reasonablevaluesfor this
parameterarewithin [0.0, 0.5] when-grmodelis ‘sd’ or ‘sl’, and[1.0, 1.5] when-grmodelis ‘ad’ or ‘al’.

Notethatthis parameteris usedonly by thegraph-partitioningbasedclusteringalgorithm.

-vtxprune=float vcluster & scluster
Thisparameteris usedto eliminatecertainverticesfromthenearest-neighborgraphthattendto beoutliers.
In particular, if x is the suppliedparameter, thena vertex u will be eliminatedif its degreeis lessthan
x ∗ nnbrs. Thekey ideabehindthis method,especiallywhenthesymmetricgraphmodelsareused,is that
if aparticularvertex u is not in the thenearest-neighborlist of its nearest-neighbors,thenit will mostlikely
be anoutlier.

Thedefault value ofthis parameteris setto -1, indicatingno vertex-pruning. Reasonablevaluesfor this
parameterarewithin [0.0, 0.5] when-grmodelis ‘sd’ or ‘sl’, and[1.0, 1.5] when-grmodelis ‘ad’ or ‘al’.
Notethatby usingrelatively largevaluesfor -edgepruneand-vtxpruneyoucanobtainagraphthatcontains
many smallconnectedcomponents.Suchcomponentsoftencorrespondto tight clustersin thedataset.This
is illustratedin Figure4. Note that theclusteringsolutionin this examplehas48 connectedcomponents
larger thanfive vertices,containingonly 1345out of the8580objects(pleaserefer to Section3.2 to find
outhow to interprettheseresults).

Thevertex-pruningis appliedaftertheedge-pruning hasbeendone.

Notethatthis parameteris usedonly by thegraph-partitioningbasedclusteringalgorithm.

-mincomponent=int vcluster & scluster
This parameteris usedto eliminatesmallconnectedcomponentsfrom thenearest-neighborgraphprior to
clustering. In general,if the edge-andvertex-pruningoptionsareused,the resultinggraphmay have a
largenumberof smallconnectcomponents(in additionto largerones).By eliminating(i.e., notclustering)
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prompt% vcluster -rclassfile=sports.rclass -clmethod=graph -edgeprune=0.4 -vtxprune=0.4 sports.mat 1
*******************************************************************************
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information -----------------------------------------------------------
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options ----------------------------------------------------------------------
CLMethod=GRAPH, CRfun=Cut, SimFun=Cosine, #Clusters: 1
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=0.40, VtxPrune=0.40, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=SLINK_W, NTrials=10, NIter=10

Solution ---------------------------------------------------------------------

---------------------------------------------------------------------------------------
48-way clustering: [Cut=7.19e+03] [1345 of 8580], Entropy: 0.086, Purity: 0.929
---------------------------------------------------------------------------------------
cid Size ISim ISdev ESim ESdev Entpy Purty | base bask foot hock boxi bicy golf
---------------------------------------------------------------------------------------

0 41 +0.776 +0.065 +0.000 +0.000 0.000 1.000 | 41 0 0 0 0 0 0
1 41 +0.745 +0.067 +0.000 +0.000 0.000 1.000 | 41 0 0 0 0 0 0
2 11 +0.460 +0.059 +0.000 +0.000 0.000 1.000 | 0 11 0 0 0 0 0
3 11 +0.439 +0.055 +0.000 +0.001 0.157 0.909 | 0 1 10 0 0 0 0
4 33 +0.426 +0.159 +0.000 +0.000 0.432 0.727 | 3 1 24 5 0 0 0
5 33 +0.434 +0.119 +0.000 +0.000 0.000 1.000 | 0 0 33 0 0 0 0
6 9 +0.410 +0.031 +0.001 +0.000 0.000 1.000 | 0 0 9 0 0 0 0
7 29 +0.400 +0.087 +0.000 +0.000 0.000 1.000 | 0 29 0 0 0 0 0
8 14 +0.402 +0.058 +0.000 +0.000 0.000 1.000 | 14 0 0 0 0 0 0
9 21 +0.399 +0.091 +0.000 +0.000 0.000 1.000 | 0 0 21 0 0 0 0

10 36 +0.381 +0.067 +0.000 +0.000 0.000 1.000 | 0 0 0 0 0 36 0
11 27 +0.375 +0.050 +0.000 +0.000 0.000 1.000 | 0 0 0 27 0 0 0
12 41 +0.370 +0.071 +0.000 +0.000 0.000 1.000 | 0 41 0 0 0 0 0
13 39 +0.371 +0.095 +0.000 +0.000 0.687 0.487 | 7 9 19 2 1 0 1
14 37 +0.366 +0.088 +0.000 +0.000 0.000 1.000 | 0 0 37 0 0 0 0
15 18 +0.357 +0.043 +0.000 +0.000 0.000 1.000 | 0 18 0 0 0 0 0
16 10 +0.351 +0.021 +0.000 +0.000 0.000 1.000 | 10 0 0 0 0 0 0
17 5 +0.345 +0.012 +0.000 +0.000 0.000 1.000 | 5 0 0 0 0 0 0
18 23 +0.345 +0.055 +0.000 +0.000 0.000 1.000 | 23 0 0 0 0 0 0
19 12 +0.340 +0.043 +0.000 +0.000 0.000 1.000 | 12 0 0 0 0 0 0
20 20 +0.328 +0.059 +0.000 +0.000 0.000 1.000 | 0 0 20 0 0 0 0
21 18 +0.323 +0.040 +0.001 +0.001 0.000 1.000 | 0 0 18 0 0 0 0
22 5 +0.316 +0.025 +0.000 +0.000 0.000 1.000 | 5 0 0 0 0 0 0
23 8 +0.314 +0.021 +0.000 +0.000 0.289 0.750 | 0 2 6 0 0 0 0
24 12 +0.321 +0.036 +0.000 +0.000 0.000 1.000 | 12 0 0 0 0 0 0
25 36 +0.312 +0.054 +0.001 +0.001 0.065 0.972 | 35 0 1 0 0 0 0
26 7 +0.305 +0.040 +0.000 +0.000 0.000 1.000 | 0 0 7 0 0 0 0
27 25 +0.321 +0.042 +0.000 +0.000 0.000 1.000 | 0 25 0 0 0 0 0
28 23 +0.309 +0.047 +0.000 +0.000 0.000 1.000 | 23 0 0 0 0 0 0
29 41 +0.297 +0.056 +0.001 +0.001 0.000 1.000 | 41 0 0 0 0 0 0
30 20 +0.293 +0.053 +0.000 +0.000 0.000 1.000 | 0 20 0 0 0 0 0
31 30 +0.294 +0.068 +0.000 +0.000 0.000 1.000 | 30 0 0 0 0 0 0
32 14 +0.280 +0.032 +0.000 +0.000 0.000 1.000 | 0 0 0 0 0 0 14
33 37 +0.290 +0.054 +0.000 +0.000 0.000 1.000 | 0 0 0 37 0 0 0
34 45 +0.273 +0.097 +0.000 +0.000 0.000 1.000 | 0 0 0 0 45 0 0
35 22 +0.257 +0.046 +0.000 +0.000 0.000 1.000 | 0 0 0 0 0 0 22
36 36 +0.267 +0.064 +0.000 +0.000 0.406 0.556 | 1 15 20 0 0 0 0
37 34 +0.251 +0.075 +0.000 +0.000 0.068 0.971 | 33 1 0 0 0 0 0
38 31 +0.249 +0.065 +0.000 +0.000 0.146 0.935 | 0 29 1 1 0 0 0
39 36 +0.247 +0.062 +0.000 +0.000 0.000 1.000 | 0 36 0 0 0 0 0
40 26 +0.255 +0.088 +0.000 +0.000 0.000 1.000 | 26 0 0 0 0 0 0
41 20 +0.241 +0.046 +0.000 +0.000 0.000 1.000 | 0 0 0 0 0 0 20
42 26 +0.236 +0.083 +0.000 +0.000 0.000 1.000 | 0 26 0 0 0 0 0
43 5 +0.297 +0.081 +0.000 +0.000 0.000 1.000 | 0 0 0 5 0 0 0
44 36 +0.170 +0.053 +0.000 +0.000 0.000 1.000 | 0 0 0 0 0 36 0
45 84 +0.145 +0.046 +0.000 +0.001 0.000 1.000 | 0 0 84 0 0 0 0
46 64 +0.147 +0.055 +0.000 +0.001 0.000 1.000 | 0 0 64 0 0 0 0
47 93 +0.111 +0.047 +0.000 +0.000 0.504 0.527 | 37 2 49 3 2 0 0

---------------------------------------------------------------------------------------

Timing Information -----------------------------------------------------------
I/O: 5.680 sec
Clustering: 17.480 sec
Reporting: 0.050 sec

*******************************************************************************

Figure 4: Output of vcluster for matrix sports.mat using 0.4 for edge- and vertex-prune.
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thesmallercomponentseliminatessomeof theclutter in theresultingclusteringsolution,andit removes
someadditionaloutliers.Thedefaultvaluefor this parameteris setto five.

Notethatthis parameteris usedonly by thegraph-partitioningbasedclusteringalgorithm.

-ntrials=int vcluster & scluster
Selectsthenumberof differentclusteringsolutionsto becomputedby thevariouspartitionalalgorithms.
If l is thesuppliednumber, thenvcluster andscluster computesa total of l clusteringsolutions(eachone
of themstartingwith adifferentsetof seedobjects),andthenselectsthesolutionthathasthebestvalue of
thecriterionfunctionthatwas used.Thedefault valuefor vcluster is 10.

-niter=int vcluster & scluster
Selectsthemaximumnumberof refinementiterationsto beperformed,within eachclusteringstep.Rea-
sonablevaluesfor this parameterareusually in the rangeof 5–20. This parameterappliesonly to the
partitionalclusteringalgorithms.Thedefault valueis setto 10.

-seed=int vcluster & scluster
Selectstheseedof therandom numbergeneratorto beusedby vcluster andscluster.

3.1.2 Repor ting and Anal ysis Parameter s

Therearea totalof 13differentoptionalparametersthatcontroltheamountof informationthatvcluster andscluster
reportabouttheclusters,aswell as,theanalysisthatthey performon thediscoveredclusters.Thenameandfunction
of theseparametersis asfollows:

-nooutput vcluster & scluster
Specifiesthatvcluster andscluster shouldnotwrite theclusteringvectorand/oragglomerativetreesonto
thedisk.

-clustfile=string vcluster & scluster
Specifiesthe nameof the file ontowhich theclusteringvectorshouldbe written. The formatof this file
is describedin Section3.4.1 If this parameteris not specified,then the clusteringvector is written to
the MatrixFile.clustering.NClusters (GraphFile.clustering.NClusters) file, whereMatrixFile (GraphFile)
is thenameof thefile thatstoresthematrix(graph)to beclustered,andNClusters is thenumberof desired
clusters.

-tr eefile=string vcluster & scluster
Specifiesthenameof thefile ontowhichthehierarchicalagglomerativetreeshouldbewritten. This treeis
createdeitherwhen-clmethod=agglo, or when-fulltreewasspecified.Theformatof thisfile is describedin
Section3.4.2.By default, thetreeis written in thefile MatrixFile.tree(GraphFile.tree), whereMatrixFile
(GraphFile) is thenameof thefile storingtheinputmatrix (graph).

-cltr eefile=string vcluster & scluster
Specifiesthenameof thefile ontowhich thehierarchicalagglomerative treebuild on top of theclustering
solution shouldbe written. This tree is createdeither when -showtree, was specified. The format of
this file is describedin Section3.4.2.By default, thetreeis written in thefile MatrixFile.cltree.NClusters
(GraphFile.cltree.NClusters) , whereMatrixFile (GraphFile) is thenameof thefile storingtheinputmatrix
(graph),andNClusters is thenumberof desiredclusters.

-clabelfile=string vcluster
Specifiesthe nameof the file that storesthe labelsof the columns. The labelsof the columnsareused
for reportingpurposeswhenthe -showfeaturesor the -labeltreeoptionsarespecified.The formatof this
file is describedin Section3.3.4. If this parameteris not specified,vcluster looks to seeif a file called
MatrixFile.clabelexists,andif it does,readsthis file, instead.If nofile is providedor thedefault file does
notexist, thenthelabelof the j thcolumnbecomes“colj” (i.e., it is labeledby its correspondingcolumn-id).
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-rlabelfile=string vcluster & scluster
Specifiesthenameof thefile thatstoresthelabelsof therows (vertices).Thelabelsof therows (vertices)
areusedfor reportingpurposeswhenthe-plotmatrixor the-plotsmatrixoptionsarespecified.Theformat
of this file is describedin Section3.3.3.If this parameteris notspecified,vcluster (scluster) looksto see
if afile calledMatrixFile.rlabel (GraphFile.rlabel) exists,andif it does,readsthisfile, instead.If nofile is
providedor thedefaultfile doesnotexist, thenthelabelof the j th row or vertex becomes“rowj” (i.e., it is
labeledby its correspondingrow-id).

-rclassfile=string vcluster & scluster
Specifiesthe nameof the file that storesthe class-labelsof the rows (vertices)(i.e., the objectsto be
clustered). This is usedby vcluster (scluster) to computethe quality of the clusteringsolutionusing
externalqualitymeasuresandto outputhow theobjectsof differentclassesaredistributedamongclusters.
Theformatof this file is describedin Section3.3.5.If this parameteris not specified,vcluster (scluster)
looksto seeif afile calledMatrixFile.rlabel (GraphFile.rlabel) exists,andif it does,readsthisfile, instead.
If nofile is providedor thedefaultfile doesnotexist, vcluster andscluster assumethattheclasslabelsof
theobjectsarenotknown anddonotperformany cluster-qualityanalysisbasedonexternalmeasures.

-showfeatures vcluster
This parameterinstructsvcluster to analyzethe discoveredclustersandidentify the setof features(i.e.,
columnsof thematrix)thataremostdescriptiveof eachclusterandthesetof featuresthatbestdiscriminate
eachclusterfrom the restof the objects. The setof descriptivefeaturesis determinedby selectingthe
columnsthatcontribute themostto theaveragesimilarity betweentheobjectsof eachcluster. On theother
hand,thesetof discriminatingfeaturesis determinedbyselectingthecolumnsthataremoreprevalentin the
clustercomparedto therestof theobjects.In general,therewill bea largeoverlapbetweenthedescriptive
anddiscriminatingfeatures.However, in somecasestheremay be certaindifferences,especiallywhen
-colmodel=none. This analysiscanonly be performedwhenthe similarity betweenobjectsis computed
usingthecosineor correlationcoefficient.

-nfeatures=int vcluster
Specifiesthenumberof descriptiveanddiscriminatingfeaturesto displayfor eachclusterwhenthe
-showfeaturesor -labeltreeoptionsareused.Thedefault valuefor this parameteris five (5).

-showtr ee vcluster & scluster
Thisparameterinstructsvcluster andscluster to build anddisplayahierarchicalagglomerativetreeontop
of theclusteringsolutionthatwas obtained.This treewill have NClusters leaves,eachonecorresponding
to oneof thediscoveredclusters,andprovidesa way of visualizinghow thedifferentclustersarerelated
to eachother. Thecriterionfunctionusedin building this treeis controlledby the -agglocrfunparameter.
If thisparameteris notspecifiedthenthecriterionfunctionusedto build theclusteringsolutionis usedfor
all methodexcept-clmethod=graph, for whichthewslink is used.

-labeltree vcluster & scluster
This parameterinstructsvcluster andscluster to label thenodesof the treewith thesetof featuresthat
bestdescribethe correspondingclusters.The methodusedfor determiningthesefeaturesis identicalto
thatusedin -showfeatures. Notethatthedescriptive featuresfor boththeleaves (i.e., originalclusters),as
well as,theinternalnodesof thetreearedisplayed.Thenumberof featuresthatis displayedis controlled
by the -nfeaturesparameter. This analysiscanonly beperformedwhenthesimilarity betweenobjectsis
computedusingthecosineor correlationcoefficient.

-zscores vcluster & scluster
This parameterinstructsvcluster andscluster to analyzeeachclusterandfor eachobjectto outputthe
z-scoreof its similarity to theotherobjectsin its own cluster(internalz-score),aswell as,theobjectsof
thedifferentclusters(externalz-score).Thevariousz-scorevaluesarestoredin theclusteringfile whose
formatis describedin Section3.4.1.
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Theinternalz-scoreof anobject j that is partof the l th clusteris given by (s I
j − µI

l )/σ I
l , wheresI

j is the

averagesimilarity betweenthe j th objectandtherestof theobjectsin its cluster, µ I
l is theaverageof the

varioussI
j valuesover all theobjectsin thel th, andσ I

l is thestandarddeviationof thesesimilarities.

The externalz-scoreof an object j that is part of the l th clusteris given by (s E
j − µE

l )/σ E
l , wheresE

j

is the averagesimilarity betweenthe j th objectandthe objectsin the otherclusters,µ E
l is the average

of the varioussE
j valuesover all the objectsin the l th cluster, andσ E

l is the standarddeviation of these
similarities.

Objectsthathave largevaluesof the internalz-scoreandsmallvaluesof theexternalz-scorewill tendto
form thecoreof their clusters.

-help vcluster & scluster
Thisoptionsinstructsvcluster to print a shortdescriptionof thevariouscommandline parameters.

3.1.3 Cluster Visualization Parameter s

Thevcluster andscluster clusteringprogramscanalsoproducevisualizationsof thecomputedclusteringsolutions.
Thesevisualizationsarerelatively simpleplotsof theoriginal input matrix thatshow how thedifferentobjects(i.e.,
rows) andfeatures(i.e., columns)areclusteredtogether.

Thereareatotalof nineoptionalparametersthatcontrolthetypeof visualizationthatvcluster performs.Thename
andfunctionof theseparametersis asfollows:

-plotformat=string vcluster & scluster
Selectstheformatof thegraphicsfiles producedby thevisualizations.Thepossiblevaluesfor this option
are:

ps Outputsanencapsulatedpostscript1 file. This is thedefaultoption.

fig Outputsthevisualizationin a format that is compatiblewith theUnix XFig program.This file
canthenbeeditedwith XFig.

ai Outputsthevisualizationin a formatthatis compatiblewith theAdobeIllustratorprogram.This
file canthenbeeditedwith Illustratoror otherprogramsthatunderstandthis format(e.g., Visio).

svg Outputsthevisualizationin theXML-basedScalableVectorFormatthatcanbeviewedby mod-
ernweb-browsers(if theappropriateplug-in is installed).

cgm Outputsthevisualizationin theWebCGMformat.

pcl Outputsthevisualizationin HP’s PCL 5 formatusedby many laserjetor compatibleprinters.

gif Outputsthevisualizationin widely usedGIF bitmapformat.

-plottr ee=string vcluster & scluster
Producesa graphicrepresentationof theentirehierarchicaltreeproducedwhen-clmethod=agglo or when
the-fulltreeoptionwas specified.Theleaves of this treearelabeledbasedon thesuppliedrow labels(i.e.,
via the-rlabelfileparameter).

-plotmatrix=string vcluster
Producesavisualizationthatshowshow therowsof theoriginalmatrixareclusteredtogether. This is done
by showing an appropriaterow- andpossiblya column-permutationof the original matrix, alongwith a
color-intensityplot of thevariousvaluesof thematrix. Theactualvisualizationis storedin thefile whose
nameis suppliedasanoptionto -plotmatrix.

1Sometimes,while trying to convert thepostscriptfiles generatedby CLUTO into PDFformat usingAdobe’s distiller you maynoticethat the
text is not includedin thePDFfile. To correctthis problemreconfigureyourdistiller not to includetruetypefontswhentherequiredtext font is part
of thestandardpostscriptfonts.
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In this matrix permutation,the rows of the matrix assignedto the sameclusterare re-orderedto be at
consecutive rows, followedby a reorderingof the clusters.The actualorderingof the rows andclusters
dependson whetherthe -fulltreeparameterwas specified. If it was not specified,then the clustersare
orderedaccordingto their cluster-id number, andwithin eachclusterthe rows arenumberedaccording
to the row-id number. However, if -fulltreewas specified,both the rows andthe clustersarere-ordered
accordingthehierarchicaltreecomputedby -fulltree. In additionto that,theactualtreeis drawn alongthe
sideof thematrix.

If the input matrix is in denseformat,then-plotmatrixdisplaysthecolumns,in column-idorder. If the -
clustercolumnsoptionwasspecified,thenthecolumnsarere-orderedaccordingto ahierarchicalclustering
solutionof thecolumns.

If the matrix is sparse,only a subsetof the columnsis displayed,that correspondsto the union of the
descriptiveanddiscriminatingfeaturesof eachclustercomputedby -showfeatures. Thenumberof features
from eachclusterthat is includedin thatunioncanbecontrolledby the -nfeaturesparameter. Again, the
columnscanbedisplayedin eitherthecolumn-idorderor if the-clustercolumnsoptionwasspecified,then
thecolumnsarere-orderedaccordingto a hierarchicalclusteringsolutionof thecolumns.

The labelsprintedalongeachrow andcolumnof thematrix canbespecifiedby usingthe -rlabelfile and
-clabelfile, respectively.

Theplot usesredto denotepositive valuesandgreento denotenegativevalues.Bright red/greenindicate
largepositive/negativevalues,whereascolorscloseto white indicatevalues closeto zero.

-plotsmatrix=string vcluster & scluster
This visualizationis similar to that producedby -plotmatrix but wasdesignedto visualizethe similarity
graph.In this plot, boththerows andcolumnsof thedisplayedvisualizationcorrespondto theverticesof
thegraph.

-plotclusters=string vcluster
Producesavisualizationthatshowshow theclustersarerelatedto eachother, by showing acolor-intensity
plot of thevariousvaluesin thevariousclustercentroidvectors.Theactualvisualizationis storedin the
file whosenameis suppliedasanoptionto -plotclusters.

The producedvisualizationis similar to that producedby -plotmatrix, but now only NClusters rows are
shown,onefor eachcluster. Theheightof eachrow isproportionalto thelog of thecorrespondingcluster’s
size. The orderingof the clustersis determinedby computinga hierarchicalclustering(similar to that
producedvia -showtree), andtheorderingof thecolumnsis controlledby the-clustercolumnsparameter.

Thecolumnselectionmechanismandcolor-schemeareidenticalto thatusedby -plotmatrix.

-plotsclusters=string vcluster & scluster
This visualizationis similar to thatproducedby -plotclusters but wasdesignedto visualizethesimilarity
betweentheclusters.In this plot, boththerows andcolumnsof thedisplayedvisualizationcorrespondto
thegraphclusters.

-clustercolumns vcluster
Instructsvcluster to computeahierarchicalclusteringof thecolumnsandto reorderthemwhen-plotmatrix
and-plotclusters is specified.Thiscanbeusedtogenerateavisualizationin whichthefeaturesareclustered
together.

-noreorder vcluster & scluster
Instructsvcluster andscluster not to try to producea visually pleasingreorderingof thevarioushierar-
chicaltreesthat is drawing. This optionis turnedoff by default if thenumberof objectsthatareclustered
is greaterthan4000.

-zeroblack vcluster & scluster
Instructsvcluster andscluster to useblackcolor for denotingzero(or smallvalues)in thematrix.
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3.2 Under standing the Information Produced by CLUTO’s Clustering Programs

Fromthedescriptionof vcluster’s andscluster’s parameterswe canseethat they canoutputa wide-rangeof infor-
mationandstatisticsabouttheclustersthatthey find. In therestof thissectionwedescribetheformatandmeaningof
thesestatistics.Mostof ourdiscussionwill focusonvcluster’soutput,sinceit is similar to thatproducedby scluster.

3.2.1 Internal Cluster Quality Statistics

Thesimplerstatisticsreportedby vcluster & scluster have to do with thequalityof eachclusterasmeasuredby the
criterion functionthat it usesandthesimilarity betweentheobjectsin eachcluster. In particular, as theexamplein
Figure1 shows,the“Solution” sectionof vcluster’soutputdisplaysinformationabouttheclusteringsolution.

Thefirst statisticthat it reportsis theoverall value ofthecriterion functionfor thecomputedclusteringsolution.
In our example,this is reported as“I2=2.29e+03”, which is thevalue ofthe�2 criterionfunctionof theresulting
solution. If a differentcriterion function is specified(by using the -crfun option), then the overall clusterquality
informationwill bedisplayedwith respectto thatcriterionfunction.In thesameline, bothprogramsalsodisplayhow
many of the original objectsthey wereableto cluster(i.e., “[8204 of 8204]”). In general,both vcluster and
scluster try to clusterall objects.However, whensomeof theobjects(vertices)do not shareany dimensions(edges)
with therestof theobjects,or whenthevariousedge-andvertex-pruningparametersareused,bothprogramsmayend
upclusteringfewer thanthetotalnumberof inputobjects.

After that,vcluster thendisplaysa tablein which eachrow containsvariousstatisticsfor eachoneof theclusters.
Themeaningof thecolumnsof this tableis asfollows. Thecolumnlabeled“cid” correspondsto theclusternumber
(or clusterid). Thecolumnlabeled“Size” displaysthenumberof objectsthatbelongsto eachcluster. Thecolumn
labeled“ISim” displaysthe averagesimilarity betweenthe objectsof eachcluster(i.e., internalsimilarities). The
columnlabeled“ISdev” displaysthe standarddeviation of theseaverageinternalsimilarities(i.e., internalstandard
deviations). The columnlabeled“ESim” displaysthe averagesimilarity of the objectsof eachclusterandthe rest
of theobjects(i.e., externalsimilarities). Finally, thecolumnlabeled“ESdev” displaythe standarddeviation of the
externalsimilarities(i.e., externalstandarddeviations).

Note that the discoveredclustersareorderedin increasing(ISIM-ESIM) order. In otherwords,clustersthat are
tight andfar away from therestof theobjectshavesmallercid values.

3.2.2 External Cluster Quality Statistics

In additionto theinternalclusterqualitymeasures,vcluster & scluster canalsotake into accountinformationabout
theclassesthatthevariousobjectsbelongto (via the-rclassfileoption)andcomputevariousstatisticsthatdetermine
thequality of theclustersusingthat information.Thesestatisticsareusuallyreferredto asexternalquality measures
asthequality is determinedby lookingat informationthatwas notusedwhile findingtheclusteringsolution.

Figure 5 shows the output of vcluster when sucha classfile is provided for our examplesports.matdataset.
This datasetcontainsvariousdocumentsthat talkaboutseven differentsports(baseball,basketball,football,hockey,
boxing,bicycling, andgolfing),andeachdocument(i.e., objectto beclustered)belongsto oneof thesetopics.Once
vcluster finds the 10-way clusteringsolution,it then usesthis classinformationto analyzeboth the quality of the
overallclusteringsolutionaswell asthequalityof eachcluster.

Lookingat Figure5 we canseethatvcluster, in additionto theoverall value ofthecriterionfunction,now prints
theentropy andthepurity of theclusteringsolution.For theexactformulaof how theentropy andpurity of theclus-
teringsolutionis computed,pleasereferto [6]. Smallentropy valuesandlargepurity valuesindicategoodclustering
solutions.

In additionto thesemeasures,theclusterinformationtablenow containstwo additionalsetsof information. The
first set is the entropy andpurity of eachclusterandis displayedin the columnslabeled“Entpy” and“Purty”, re-
spectively. Thesecondsetis informationabouthow thedifferentclassesaredistributedin eachoneof theclusters.
This informationis displayedin the last seven columnsof this table,whosecolumnlabelsarederived from thefirst
four charactersif theclassnames.That is “base”correspondsto baseball,“bask” correspondsto basketball,andso
on. Eachcolumnshows thenumberof documentsof this classthatarein eachcluster. For example,thefirst cluster

19



�

�

�

�

prompt% vcluster -rclassfile=sports.rclass sports.mat 10
*******************************************************************************
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information -----------------------------------------------------------
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options ----------------------------------------------------------------------
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution ---------------------------------------------------------------------

---------------------------------------------------------------------------------------
10-way clustering: [I2=2.29e+03] [8580 of 8580], Entropy: 0.164, Purity: 0.874
---------------------------------------------------------------------------------------
cid Size ISim ISdev ESim ESdev Entpy Purty | base bask foot hock boxi bicy golf
---------------------------------------------------------------------------------------

0 364 +0.166 +0.050 +0.020 +0.005 0.018 0.995 | 0 362 2 0 0 0 0
1 628 +0.106 +0.041 +0.022 +0.007 0.006 0.998 | 627 0 1 0 0 0 0
2 793 +0.102 +0.036 +0.018 +0.006 0.020 0.995 | 1 1 1 789 0 0 1
3 754 +0.100 +0.034 +0.021 +0.006 0.010 0.997 | 0 1 752 0 0 0 1
4 845 +0.095 +0.035 +0.023 +0.007 0.023 0.993 | 839 0 5 0 1 0 0
5 637 +0.079 +0.036 +0.022 +0.008 0.012 0.997 | 0 635 1 1 0 0 0
6 1724 +0.059 +0.026 +0.022 +0.007 0.016 0.996 | 1717 3 3 1 0 0 0
7 703 +0.049 +0.018 +0.016 +0.006 0.767 0.458 | 30 24 122 4 118 83 322
8 1025 +0.054 +0.016 +0.021 +0.006 0.026 0.992 | 6 2 1017 0 0 0 0
9 1107 +0.029 +0.010 +0.017 +0.006 0.678 0.399 | 192 382 442 14 3 62 12

---------------------------------------------------------------------------------------

Timing Information -----------------------------------------------------------
I/O: 1.500 sec
Clustering: 12.540 sec
Reporting: 0.230 sec

*******************************************************************************

Figure 5: Output of vcluster for matrix sports.mat and a 10-way clustering that uses external quality measures.

contains360documentsaboutbasketball,andtwo documentsaboutfootball. Lookingat this class-distribution table,
we caneasilydeterminethequalityof thedifferentclusters.

3.2.3 Looking at each Cluster’ s Features

By specifyingthe-showfeaturesoption,vcluster will analyzeeachoneof theclustersanddeterminethesetof features
(i.e., columnsof thematrix) thatbestdescribeanddiscriminateeachoneof theclusters.Figure6 shows theoutput
producedby vcluster when-showfeatureswas specifiedandwhena file was providedwith thelabelsof eachoneof
thecolumns(via the-clabelfileoption).

Looking at this figure,we canseethat the setof descriptive anddiscriminatingfeaturesaredisplayedright after
thetablethatprovidesstatisticsfor thevariousclusters.For eachcluster, vcluster displaysthreelinesof information.
Thefirst line containssomebasicstatisticsfor eachcluster(e.g., cid, Size,ISim, ESim),whosemeaningis identical
to thosedisplayedin theearliertable. Thesecondline containsthefive mostdescriptive features,whereasthe third
line containsthefive mostdiscriminatingfeatures.Thefeaturesin theselists aresortedin decreasingdescriptive or
discriminatingorder. The reasonthat five featuresareprintedis becausethis is the default valuefor the -nfeatures
parameter;feweror morefeaturescanbedisplayedby settingthis parameterappropriately.

Rightnext to eachfeature,vcluster displaysanumberthatin thecaseof thedescriptivefeaturesis thepercentageof
thewithin clustersimilarity thatthis particularfeaturecanexplain. For example,for the0thcluster, thefeature“war-
rior” explains38.4%of theaveragesimilarity betweentheobjectsof the0th cluster. A similar quantityis displayed
for eachoneof thediscriminatingfeatures,andis thepercentageof thedissimilaritybetweentheclusterandtherest
of theobjectswhichthis featurecanexplain. In generalthereis a largeoverlapbetweendescriptiveanddiscriminating
features,with theonly differencebeingthat thepercentagesassociatedwith thediscriminatingfeaturesaretypically
smallerthanthecorrespondingpercentagesof thedescriptivefeatures.This is becausesomeof thedescriptivefeatures
of a clustermayalsobepresentin asmallfractionof theobjectsthatdonotbelongto this cluster.

If no labelsfor the differentcolumnsareprovided,vcluster outputsthe columnnumberof eachfeatureinstead
of its label. This is illustratedin Figure7 for thesameproblemin which -clabelfilewas not specified.Note that the
columnsarenumberedfrom one.
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prompt% vcluster -rclassfile=sports.rclass -clabelfile=sports.clabel -showfeatures sports.mat 10
*******************************************************************************
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information -----------------------------------------------------------
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options ----------------------------------------------------------------------
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution ---------------------------------------------------------------------

---------------------------------------------------------------------------------------
10-way clustering: [I2=2.29e+03] [8580 of 8580], Entropy: 0.164, Purity: 0.874
---------------------------------------------------------------------------------------
cid Size ISim ISdev ESim ESdev Entpy Purty | base bask foot hock boxi bicy golf
---------------------------------------------------------------------------------------

0 364 +0.166 +0.050 +0.020 +0.005 0.018 0.995 | 0 362 2 0 0 0 0
1 628 +0.106 +0.041 +0.022 +0.007 0.006 0.998 | 627 0 1 0 0 0 0
2 793 +0.102 +0.036 +0.018 +0.006 0.020 0.995 | 1 1 1 789 0 0 1
3 754 +0.100 +0.034 +0.021 +0.006 0.010 0.997 | 0 1 752 0 0 0 1
4 845 +0.095 +0.035 +0.023 +0.007 0.023 0.993 | 839 0 5 0 1 0 0
5 637 +0.079 +0.036 +0.022 +0.008 0.012 0.997 | 0 635 1 1 0 0 0
6 1724 +0.059 +0.026 +0.022 +0.007 0.016 0.996 | 1717 3 3 1 0 0 0
7 703 +0.049 +0.018 +0.016 +0.006 0.767 0.458 | 30 24 122 4 118 83 322
8 1025 +0.054 +0.016 +0.021 +0.006 0.026 0.992 | 6 2 1017 0 0 0 0
9 1107 +0.029 +0.010 +0.017 +0.006 0.678 0.399 | 192 382 442 14 3 62 12

---------------------------------------------------------------------------------------
--------------------------------------------------------------------------------
10-way clustering solution - Descriptive & Discriminating Features...
--------------------------------------------------------------------------------
Cluster 0, Size: 364, ISim: 0.166, ESim: 0.020

Descriptive: warrior 38.4%, hardawai 6.8%, mullin 6.1%, nelson 4.3%, richmond 4.1%
Discriminating: warrior 26.9%, hardawai 4.9%, mullin 4.3%, richmond 2.8%, g 2.7%

Cluster 1, Size: 628, ISim: 0.106, ESim: 0.022
Descriptive: canseco 9.0%, henderson 7.5%, russa 6.3%, la 3.8%, mcgwire 3.2%

Discriminating: canseco 7.5%, henderson 5.9%, russa 5.3%, la 2.6%, mcgwire 2.6%

Cluster 2, Size: 793, ISim: 0.102, ESim: 0.018
Descriptive: shark 22.4%, goal 9.4%, nhl 4.4%, period 3.4%, penguin 1.6%

Discriminating: shark 17.1%, goal 6.0%, nhl 3.4%, period 2.3%, giant 1.5%

Cluster 3, Size: 754, ISim: 0.100, ESim: 0.021
Descriptive: yard 35.9%, pass 7.7%, touchdown 6.4%, td 2.6%, kick 2.0%

Discriminating: yard 28.2%, pass 5.3%, touchdown 5.0%, td 2.2%, kick 1.5%

Cluster 4, Size: 845, ISim: 0.095, ESim: 0.023
Descriptive: giant 20.7%, mitchell 4.8%, craig 3.3%, mcgee 2.4%, clark 2.0%

Discriminating: giant 15.6%, mitchell 4.3%, craig 2.5%, mcgee 2.2%, yard 1.9%

Cluster 5, Size: 637, ISim: 0.079, ESim: 0.022
Descriptive: score 4.2%, laker 4.1%, rebound 3.5%, nba 2.5%, bull 2.2%

Discriminating: laker 3.5%, rebound 2.7%, nba 2.1%, bull 2.0%, giant 1.9%

Cluster 6, Size: 1724, ISim: 0.059, ESim: 0.022
Descriptive: in 5.6%, hit 5.2%, homer 2.6%, run 2.4%, sox 2.2%

Discriminating: in 4.1%, hit 3.4%, yard 2.8%, sox 2.1%, homer 1.8%

Cluster 7, Size: 703, ISim: 0.049, ESim: 0.016
Descriptive: box 27.6%, golf 4.5%, hole 3.4%, round 2.9%, par 2.5%

Discriminating: box 19.3%, golf 3.8%, hole 2.8%, par 2.1%, round 1.8%

Cluster 8, Size: 1025, ISim: 0.054, ESim: 0.021
Descriptive: seifert 3.9%, montana 3.6%, raider 2.6%, quarterback 1.9%, lott 1.9%

Discriminating: seifert 4.4%, montana 3.9%, raider 2.5%, lott 2.1%, in 1.7%

Cluster 9, Size: 1107, ISim: 0.029, ESim: 0.017
Descriptive: school 2.5%, santa 2.4%, football 1.8%, coach 1.6%, clara 1.6%

Discriminating: school 2.5%, santa 2.4%, yard 1.7%, in 1.6%, clara 1.6%
--------------------------------------------------------------------------------

Timing Information -----------------------------------------------------------
I/O: 1.670 sec
Clustering: 12.840 sec
Reporting: 0.710 sec

*******************************************************************************

Figure 6: Output of vcluster for matrix sports.mat and a 10-way clustering that shows the descriptive and discriminating features
of each cluster.
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prompt% vcluster -rclassfile=sports.rclass -showfeatures sports.mat 10
*******************************************************************************
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information -----------------------------------------------------------
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options ----------------------------------------------------------------------
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution ---------------------------------------------------------------------

---------------------------------------------------------------------------------------
10-way clustering: [I2=2.29e+03] [8580 of 8580], Entropy: 0.164, Purity: 0.874
---------------------------------------------------------------------------------------
cid Size ISim ISdev ESim ESdev Entpy Purty | base bask foot hock boxi bicy golf
---------------------------------------------------------------------------------------

0 364 +0.166 +0.050 +0.020 +0.005 0.018 0.995 | 0 362 2 0 0 0 0
1 628 +0.106 +0.041 +0.022 +0.007 0.006 0.998 | 627 0 1 0 0 0 0
2 793 +0.102 +0.036 +0.018 +0.006 0.020 0.995 | 1 1 1 789 0 0 1
3 754 +0.100 +0.034 +0.021 +0.006 0.010 0.997 | 0 1 752 0 0 0 1
4 845 +0.095 +0.035 +0.023 +0.007 0.023 0.993 | 839 0 5 0 1 0 0
5 637 +0.079 +0.036 +0.022 +0.008 0.012 0.997 | 0 635 1 1 0 0 0
6 1724 +0.059 +0.026 +0.022 +0.007 0.016 0.996 | 1717 3 3 1 0 0 0
7 703 +0.049 +0.018 +0.016 +0.006 0.767 0.458 | 30 24 122 4 118 83 322
8 1025 +0.054 +0.016 +0.021 +0.006 0.026 0.992 | 6 2 1017 0 0 0 0
9 1107 +0.029 +0.010 +0.017 +0.006 0.678 0.399 | 192 382 442 14 3 62 12

---------------------------------------------------------------------------------------
--------------------------------------------------------------------------------
10-way clustering solution - Descriptive & Discriminating Features...
--------------------------------------------------------------------------------
Cluster 0, Size: 364, ISim: 0.166, ESim: 0.020

Descriptive: col02843 38.4%, col06054 6.8%, col03655 6.1%, col01209 4.3%, col11248 4.1%
Discriminating: col02843 26.9%, col06054 4.9%, col03655 4.3%, col11248 2.8%, col20475 2.7%

Cluster 1, Size: 628, ISim: 0.106, ESim: 0.022
Descriptive: col18174 9.0%, col11733 7.5%, col18183 6.3%, col01570 3.8%, col26743 3.2%

Discriminating: col18174 7.5%, col11733 5.9%, col18183 5.3%, col01570 2.6%, col26743 2.6%

Cluster 2, Size: 793, ISim: 0.102, ESim: 0.018
Descriptive: col04688 22.4%, col00134 9.4%, col04423 4.4%, col02099 3.4%, col04483 1.6%

Discriminating: col04688 17.1%, col00134 6.0%, col04423 3.4%, col02099 2.3%, col01536 1.5%

Cluster 3, Size: 754, ISim: 0.100, ESim: 0.021
Descriptive: col00086 35.9%, col00091 7.7%, col00084 6.4%, col01091 2.6%, col00132 2.0%

Discriminating: col00086 28.2%, col00091 5.3%, col00084 5.0%, col01091 2.2%, col00132 1.5%

Cluster 4, Size: 845, ISim: 0.095, ESim: 0.023
Descriptive: col01536 20.7%, col04716 4.8%, col04640 3.3%, col03838 2.4%, col01045 2.0%

Discriminating: col01536 15.6%, col04716 4.3%, col04640 2.5%, col03838 2.2%, col00086 1.9%

Cluster 5, Size: 637, ISim: 0.079, ESim: 0.022
Descriptive: col00085 4.2%, col10737 4.1%, col00541 3.5%, col03412 2.5%, col00597 2.2%

Discriminating: col10737 3.5%, col00541 2.7%, col03412 2.1%, col00597 2.0%, col01536 1.9%

Cluster 6, Size: 1724, ISim: 0.059, ESim: 0.022
Descriptive: col04265 5.6%, col00281 5.2%, col13856 2.6%, col00340 2.4%, col01362 2.2%

Discriminating: col04265 4.1%, col00281 3.4%, col00086 2.8%, col01362 2.1%, col13856 1.8%

Cluster 7, Size: 703, ISim: 0.049, ESim: 0.016
Descriptive: col00351 27.6%, col01953 4.5%, col00396 3.4%, col00532 2.9%, col16968 2.5%

Discriminating: col00351 19.3%, col01953 3.8%, col00396 2.8%, col16968 2.1%, col00532 1.8%

Cluster 8, Size: 1025, ISim: 0.054, ESim: 0.021
Descriptive: col02393 3.9%, col10761 3.6%, col00031 2.6%, col00064 1.9%, col13276 1.9%

Discriminating: col02393 4.4%, col10761 3.9%, col00031 2.5%, col13276 2.1%, col04265 1.7%

Cluster 9, Size: 1107, ISim: 0.029, ESim: 0.017
Descriptive: col00616 2.5%, col01186 2.4%, col00263 1.8%, col00057 1.6%, col01187 1.6%

Discriminating: col00616 2.5%, col01186 2.4%, col00086 1.7%, col04265 1.6%, col01187 1.6%
--------------------------------------------------------------------------------

Timing Information -----------------------------------------------------------
I/O: 1.680 sec
Clustering: 12.700 sec
Reporting: 0.700 sec

*******************************************************************************

Figure 7: Output of vcluster for matrix sports.mat and a 10-way clustering that shows the descriptive and discriminating features
of each cluster.
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3.2.4 Looking at the Hierar chical Agglomerative Tree

Thevcluster & scluster programscanalsoproduceahierarchicalagglomerativetreein whichthediscoveredclusters
form the leaf nodesof this tree. This is doneby specifyingthe -showtreeparameter. In constructingthis tree,the
algorithmsrepeatedlymergea particularpair of clusters,andthepair of clustersto bemergedis selectedso that the
resultingclusteringsolutionat thatpointoptimizesthespecifiedclusteringcriterionfunction.

The format of the producedtree for the sports.matdataset is shown in Figure8. This resultwas obtainedby
specifyingboth -showtreeas well as the -rclassfileparameterthat provides the classlabelsfor eachobject in the
matrix.

�

�

�

�

prompt% vcluster -rclassfile=sports.rclass -showtree sports.mat 10
*******************************************************************************
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information -----------------------------------------------------------
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options ----------------------------------------------------------------------
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution ---------------------------------------------------------------------

---------------------------------------------------------------------------------------
10-way clustering: [I2=2.29e+03] [8580 of 8580], Entropy: 0.164, Purity: 0.874
---------------------------------------------------------------------------------------
cid Size ISim ISdev ESim ESdev Entpy Purty | base bask foot hock boxi bicy golf
---------------------------------------------------------------------------------------

0 364 +0.166 +0.050 +0.020 +0.005 0.018 0.995 | 0 362 2 0 0 0 0
1 628 +0.106 +0.041 +0.022 +0.007 0.006 0.998 | 627 0 1 0 0 0 0
2 793 +0.102 +0.036 +0.018 +0.006 0.020 0.995 | 1 1 1 789 0 0 1
3 754 +0.100 +0.034 +0.021 +0.006 0.010 0.997 | 0 1 752 0 0 0 1
4 845 +0.095 +0.035 +0.023 +0.007 0.023 0.993 | 839 0 5 0 1 0 0
5 637 +0.079 +0.036 +0.022 +0.008 0.012 0.997 | 0 635 1 1 0 0 0
6 1724 +0.059 +0.026 +0.022 +0.007 0.016 0.996 | 1717 3 3 1 0 0 0
7 703 +0.049 +0.018 +0.016 +0.006 0.767 0.458 | 30 24 122 4 118 83 322
8 1025 +0.054 +0.016 +0.021 +0.006 0.026 0.992 | 6 2 1017 0 0 0 0
9 1107 +0.029 +0.010 +0.017 +0.006 0.678 0.399 | 192 382 442 14 3 62 12

---------------------------------------------------------------------------------------

------------------------------------------------------------------------------
Hierarchical Tree that optimizes the I2 criterion function...
------------------------------------------------------------------------------

base bask foot hock boxi bicy golf
---------------------------------------------------------------
18
|-----15
| |---13
| | |---------1 627 0 1 0 0 0 0
| | |---------4 839 0 5 0 1 0 0
| |-------------6 1717 3 3 1 0 0 0
|-17

|-16
| |---------------2 1 1 1 789 0 0 1
| |---------11
| |-----0 0 362 2 0 0 0 0
| |-----5 0 635 1 1 0 0 0
|-----14

|---12
| |-------3 0 1 752 0 0 0 1
| |-------8 6 2 1017 0 0 0 0
|-------10

|---9 192 382 442 14 3 62 12
|---7 30 24 122 4 118 83 322

---------------------------------------------------------------
------------------------------------------------------------------------------

Timing Information -----------------------------------------------------------
I/O: 1.520 sec
Clustering: 12.960 sec
Reporting: 0.610 sec

*******************************************************************************

Figure 8: Output of vcluster for matrix sports.mat that also shows the hierarchical tree built on top of the discovered clusters.

Lookingat thisfigurewecanseethatvcluster displaysthetreein arotatedfashion,i.e., therootof thetreeis at the
first column,andthetreegrowsfrom left to right. Theleavesof this treearenumberedfrom0 to NClusters-1,andeach
onerepresentsthecorrespondingclusterdiscoveredby vcluster. Theinternalnodesarenumberedfrom NClusters to
2*NClusters-2, with theroot beingthehighestnumberednode.Thenumberingof the internalnodesis donesothat
nodesthat wereobtainedby merging a pair of clustersat an earlierstageof the agglomerative processhave lower
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numberscomparedto nodesobtainedat laterstages.For example,in Figure8 thenodenumbered10 representsthe
first pairof clusters(9 and7) thatweremerged,thenodenumbered11representsthesecondpairof clusters(0 and5)
thatweremerged,andsoon.

In addition to the tree itself, vcluster also prints informationabouthow the objectsof the variousclassesare
distributedin eachcluster. This informationis identicalto thatpresentedin theearliertable,andarereplicatedhereto
provideabetterunderstandingonthecontentof theclustersthataremergedtogether. Thus,lookingat thetreewecan
seethatthesubtreerootedat node14,containsclustersthatprimarily containdocumentsaboutbaseball,whereasthe
subtreerootedat12primarily containclusterswhosedocumentsareaboutfootball. If the-rclassfilewasnotspecified,
this informationis omitted.

�

�

�

�

prompt% vcluster -rclassfile=sports.rclass -clabelfile=sports.clabel -showtree -labeltree sports.mat 10
*******************************************************************************
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information -----------------------------------------------------------
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options ----------------------------------------------------------------------
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution ---------------------------------------------------------------------

---------------------------------------------------------------------------------------
10-way clustering: [I2=2.29e+03] [8580 of 8580], Entropy: 0.164, Purity: 0.874
---------------------------------------------------------------------------------------
cid Size ISim ISdev ESim ESdev Entpy Purty | base bask foot hock boxi bicy golf
---------------------------------------------------------------------------------------

0 364 +0.166 +0.050 +0.020 +0.005 0.018 0.995 | 0 362 2 0 0 0 0
1 628 +0.106 +0.041 +0.022 +0.007 0.006 0.998 | 627 0 1 0 0 0 0
2 793 +0.102 +0.036 +0.018 +0.006 0.020 0.995 | 1 1 1 789 0 0 1
3 754 +0.100 +0.034 +0.021 +0.006 0.010 0.997 | 0 1 752 0 0 0 1
4 845 +0.095 +0.035 +0.023 +0.007 0.023 0.993 | 839 0 5 0 1 0 0
5 637 +0.079 +0.036 +0.022 +0.008 0.012 0.997 | 0 635 1 1 0 0 0
6 1724 +0.059 +0.026 +0.022 +0.007 0.016 0.996 | 1717 3 3 1 0 0 0
7 703 +0.049 +0.018 +0.016 +0.006 0.767 0.458 | 30 24 122 4 118 83 322
8 1025 +0.054 +0.016 +0.021 +0.006 0.026 0.992 | 6 2 1017 0 0 0 0
9 1107 +0.029 +0.010 +0.017 +0.006 0.678 0.399 | 192 382 442 14 3 62 12

---------------------------------------------------------------------------------------

------------------------------------------------------------------------------
Hierarchical Tree that optimizes the I2 criterion function...
------------------------------------------------------------------------------

Size ISim XSim Gain
18 [ 8580, 2.57e-02, 0.00e+00, -2.30e+02] [giant 1.7%, yard 1.6%, hit 1.3%, box 1.2%, in 1.2%]
|-----15 [ 3197, 4.95e-02, 1.71e-02, -9.17e+01] [in 4.4%, giant 3.7%, hit 3.6%, pitch 2.4%, homer 2.2%]
| |---13 [ 1473, 6.80e-02, 3.60e-02, -8.10e+01] [giant 9.8%, canseco 2.6%, pitch 2.4%, mitchell 2.3%, henderson 2.2%]
| | |---------1 [ 628, 1.06e-01, 3.56e-02, +0.00e+00] [canseco 9.0%, henderson 7.5%, russa 6.3%, la 3.8%, mcgwire 3.2%]
| | |---------4 [ 845, 9.52e-02, 3.56e-02, +0.00e+00] [giant 20.7%, mitchell 4.8%, craig 3.3%, mcgee 2.4%, clark 2.0%]
| |-------------6 [ 1724, 5.91e-02, 3.60e-02, +0.00e+00] [in 5.6%, hit 5.2%, homer 2.6%, run 2.4%, sox 2.2%]
|-17 [ 5383, 2.76e-02, 1.71e-02, -1.46e+02] [yard 3.8%, shark 1.8%, box 1.8%, goal 1.6%, warrior 1.3%]

|-16 [ 1794, 5.49e-02, 1.85e-02, -1.07e+02] [shark 8.2%, warrior 5.4%, goal 4.1%, score 2.6%, period 1.8%]
| |---------------2 [ 793, 1.02e-01, 2.36e-02, +0.00e+00] [shark 22.4%, goal 9.4%, nhl 4.4%, period 3.4%, penguin 1.6%]
| |---------11 [ 1001, 7.46e-02, 2.36e-02, -5.39e+01] [warrior 12.7%, laker 3.5%, rebound 2.5%, score 2.3%, hardawai 2.1%]
| |-----0 [ 364, 1.66e-01, 4.47e-02, +0.00e+00] [warrior 38.4%, hardawai 6.8%, mullin 6.1%, nelson 4.3%, richmond 4.1%]
| |-----5 [ 637, 7.88e-02, 4.47e-02, +0.00e+00] [score 4.2%, laker 4.1%, rebound 3.5%, nba 2.5%, bull 2.2%]
|-----14 [ 3589, 3.00e-02, 1.85e-02, -8.85e+01] [yard 7.9%, box 3.1%, pass 2.1%, touchdown 1.5%, bowl 1.2%]

|---12 [ 1779, 5.43e-02, 1.97e-02, -6.11e+01] [yard 15.9%, pass 4.2%, touchdown 3.1%, quarterback 1.8%, seifert 1.5%]
| |-------3 [ 754, 9.99e-02, 3.80e-02, +0.00e+00] [yard 35.9%, pass 7.7%, touchdown 6.4%, td 2.6%, kick 2.0%]
| |-------8 [ 1025, 5.36e-02, 3.80e-02, +0.00e+00] [seifert 3.9%, montana 3.6%, raider 2.6%, quarterback 1.9%, lott 1.9%]
|-------10 [ 1810, 2.66e-02, 1.97e-02, -5.00e+01] [box 9.0%, tournam 1.8%, golf 1.4%, round 1.3%, school 1.3%]

|---9 [ 1107, 2.95e-02, 1.73e-02, +0.00e+00] [school 2.5%, santa 2.4%, football 1.8%, coach 1.6%, clara 1.6%]
|---7 [ 703, 4.87e-02, 1.73e-02, +0.00e+00] [box 27.6%, golf 4.5%, hole 3.4%, round 2.9%, par 2.5%]

------------------------------------------------------------------------------

Timing Information -----------------------------------------------------------
I/O: 1.670 sec
Clustering: 12.840 sec
Reporting: 1.060 sec

*******************************************************************************

Figure 9: Output of vcluster for matrix sports.mat that shows the hierarchical tree built on top of the discovered clusters as well as
the descriptive features of each cluster.

Besidesshowing the agglomerative tree,vcluster canalsoanalyzeeachof the clustersproducedduring this ag-
glomerative process,displayingstatisticsregardingtheir quality anda setof descriptive features.This is doneby
specifyingthe-labeltreeoption.Theoutputof vcluster in this caseis shown in Figure9.

Looking at this figurewe canseethat in additionto the treeitself, vcluster printsa numberof statisticsfor each
cluster. In particular, it displaysthecluster’s “Size” which is thenumberof objectsin thatcluster, thecluster’s “ISim”
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whichis theaveragesimilaritybetweentheobjectsof eachcluster, thecluster’s“XSim” whichis theaveragesimilarity
betweentheobjectsof eachpair of clustersthatarethechildrenof thesamenodeof the tree,andthe“Gain” which
is thechangein thevalue oftheparticularclusteringcriterionfunctionasa resultof combiningthetwo child clusters.
For example,theclustercorrespondingto node13, contains1473documents,whoseaveragesimilarity is 6.80e-02,
theaveragesimilarity betweenthedocumentsin thisclusterandthedocumentsin theclustercorrespondingto node10
is 3.60e-02,andastheresultof thismerging,thevalue ofthecriterionfunction(i.e.,� 2 in thisexample)wasdecreased
by 8.10e+01.Note thatsincein caseof �2 thegoal is to maximizeits value,thefact that thegainis negative means
thatwith respectto thecriterionfunctiontheresultingclusteringsolutionis worse(whichwas expected).

Next to thesestatistics,it printsthesetof featuresthatbestdescribeeachcluster. Themethodusedto derive these
featuresandtheinformationthatis displayedareidenticalto thoseusedby the-showfeaturesoption.

3.2.5 Looking at the Visualizations

As discussedin Section3.1bothvcluster andscluster canproduceanumberof graphicalvisualizationsshowing the
relationbetweenthe differentobjects,features,andclusters.Our goal in this sectionis to provide someillustrative
examplesof whatthevarious-plotXXXcommandscando.

Figure10 shows thetypeof visualizationsthatcanbeproducedwhen-plotmatrix is specifiedfor a sparsematrix.
In particular, Figure10(a)shows thevisualizationproducedby executingthefollowing command:

vcluster -plotmatrix=fig1.ps tr23.mat 10.

As we canseefrom thatplot, vcluster shows therows of theinput matrix re-orderedin sucha way sothat therows
assignedto eachoneof the tenclustersarenumberedconsecutively. Thecolumnsof thedisplayedmatrixareselected
to betheunionof thenfeaturesmostdescriptiveanddiscriminatingfeaturesof eachcluster, andareorderedaccording
their column-id. Also, at the top of eachcolumn,the labelof eachfeatureis shown (if you enlargethepostscriptor
PDFfile of themanualyou will beableto seethenamesof thewordsthatthesecolumnscorrespondto). Eachnon-
zeropositive elementof thematrix is displayedby a differentshadeof red. Entriesthatarebright redcorrespondto
largevaluesandthebrightnessof theentriesdecreasesastheir valuedecrease.Thevaluesthatareplottedcorrespond
to thevaluesobtainedafterapplyingtheparticular-rowmodeland-colmodel, andnormalizingeachrow to be of unit
length. Figure10(b) shows a visualizationof the sameclusteringsolutionin which the rows andthe columnsare
alsore-orderedaccordingto a hierarchicalclusteringsolution. In particular, this plot was obtainedby executingthe
following command:

vcluster -fulltree -clustercolumns -plotmatrix=fig2.ps tr23.mat 10.

As we canseefrom this plot, vcluster now re-orderstherows andthecolumnssothatrows/columnsthatarepartof
thesamesubtreearecloserto eachotherin thefinal output. Also, alongthe rows andthecolumnsof thedisplayed
matrix,vcluster draws theactualhierarchicaltreethatwas computed.Finally, Figure10(c)shows a visualizationof
the10-way clusteringsolutionobtainedby scluster. In particular, this plot was obtainedby executingthefollowing
command:

vcluster -clmethod=agglo -clustercolumns -plotmatrix=fig3.ps tr23.mat 10.

Figure11 shows the typeof visualizationsthatcanbeproducedwhen-plotmatrix is specifiedfor a densematrix,
for a particularmicro-arraygeneexpressiondataset. Thethreedifferentvisualizationswereproducedby executing
thefollowing commands,respectively:

vcluster -sim=corr -plotmatrix=fig4.ps genes1.mat 5

vcluster -sim=corr -fulltree -clustercolumns -plotmatrix=fig5.ps genes1.mat 5

vcluster -sim=corr -clmethod=agglo -clustercolumns -plotmatrix=fig6.ps genes1.mat 5

Theseplots aresimilar in natureto thoseproducedfor sparsematricesandthe only differenceis that they show all
thecolumns(andnot just theunionof thedescriptiveanddiscriminatingfeatures).Also notethateachrow now hasa
label(correspondingto thenameof theparticulargene)thatis readby default from thefile name“g enes.mat.rlabel”.
Finally, notethat theplotscontainbothredandgreenboxes,representingpositive andnegative values,respectively.
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Figure 10: Various visualizations generated by the -plotmatrix parameter. (a) Shows the clustering solution produced by vcluster;
(b) Shows the same clustering solution but the rows and columns have been re-ordered. (c) Shows the clustering solution produced
by scluster.
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Thevaluesusedto derive the colorscorrespondto thoseusedinternallyby CLUTO. In this particularexample,since
theclusterswereobtainedusingthecorrelationcoefficient,thevaluescorrespondto themean-subtractedoriginal row
vectors,normalizedto beof unit length.
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Figure 11: Various visualizations generated by the -plotmatrix parameter. (a) Shows the clustering solution produced by the
“rb” method of vcluster; (b) Shows the same clustering solution but the rows and columns have been re-ordered. (c) Shows the
clustering solution produced by the agglomerative method for vcluster.

A similar dense-matrixvisualizationis shown in Figure12 for anothermicro-arraygeneexpressiondataset. The
differentvisualizationswereproducedby executingthefollowing commands:

vcluster -clmethod=agglo -plotmatrix=fig7.ps genes2.mat 1

vcluster -clmethod=agglo -zeroblack -plotmatrix=fig8.ps genes2.mat 1

Figure13 shows the typeof visualizationthatcanbeproducedwhen-plotclusteris specifiedfor a sparsematrix.
Thisplot was obtainedby executingthefollowing command:

vcluster -clustercolumns -plotclusters=fig9.ps tr23.mat 10

vcluster -clustercolumns -plotclusters=fig10.ps -nfeatures=10 sports.mat 20

This plot shows theclusteringsolutionshown at Figure10(b)by replacingthesetof rows in eachclusterby a single
row thatcorrespondsto thecentroidvectorof thecluster. The-plotclusteroptionis particularlyusefulfor displaying
very largedatasets,asthenumberof rows in theplot is only equalto thenumberof clusters.

Finally, Figure14 shows thetypeof visualizationthatcanbeproducedwhen-plottreeis specified.This plot was
obtainedby executingthefollowing command:

vcluster -clmethod=agglo -plottree=fig11.ps tr23.mat 10.

This plot shows the entire hierarchicaltree for the tr23.matdataset. The leaves of the tree are labeledwith the
particularrow-id (or row labelif available).Youcanseethelabelsby properlymagnifyingthefigure.
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Figure 12: Various visualizations generated by the -plotmatrix parameter. (a) Shows the clustering solution produced by the
agglomerative method of vcluster; (b) Shows the same clustering solution but the color scheme has been changed.

3.3 Input File Formats

Thevcluster andscluster programsrequirean input file thatstorestheobjectsto beclusteredin a matrix or graph
format,aswell as,variousoptionalfiles containingthecolumnlabelsandtheclasslabelsof thevariousobjects.The
formatof thesefiles aredescribedin thefollowing sections.

3.3.1 Matrix File

The primary input of CLUTO’s vcluster programis a matrix storingthe objectsto be clustered.Eachrow of this
matrix representa singleobject,andits variouscolumnscorrespondto thedimensions(i.e., features)of theobjects.
Thismatrix is storedin a file andis suppliedto thevariousprogramsasoneof thecommandline parameters.

CLUTO understandstwo differentinput matrix formats. The first format is suitablefor sparsematricesandthe
secondformatis suitablefor storingdensematrices.NotethatCLUTO, automaticallydetectstheformatof theinput
file basedon thefirst line of thefile (i.e., thesparsematrix formathasthreenumberswhereasthedensematrix format
hastwo numbers).

Sparse Matrix Format A sparsematrix A with n rows andm columnsis storedin a plain text file thatcontains
n + 1 lines. The first line containsinformationaboutthe sizeof the matrix, while the remainingn lines contain
informationfor eachrow of A. In CLUTO’s sparsematrix formatonly thenon-zeroentriesof thematrixarestored.

Thefirst line of the matrix file containsexactly threenumbers,all of which areintegers. The first integer is the
numberof rows in thematrix (n), thesecondintegeris thenumberof columnsin thematrix (m), andthethird integer
is thetotal numberof non-zerosentriesin then × m matrix.

Theremainingn linesstoreinformationabouttheactualnon-zerostructureof thematrix. In particular, the (i +
1)st line of the file containsinformationaboutthe non-zeroentriesof the i th row of the matrix. Sincethe i th row
correspondsto the i th objectto beclustered,this is nothingmorethanthenon-zeroentriesof the i th object’s feature
vector. Thenon-zeroentriesof eachrow arespecifiedasaspace-separatedlist of pairs.Eachpaircontainsthecolumn
numberfollowedby thevaluefor thatparticularcolumn(i.e., feature).Thecolumnnumbersareassumedto beintegers
andtheir correspondingvaluesareassumedto befloatingpoint numbers.Themeaningof thevalues associatedwith
eachentryof theobject’svectoris problemdependent.

Note that the columnsarenumberedstartingfrom 1 (not from 0 as is often donein C). Furthermore,CLUTO’s
matrix formatdoesnot requirethecolumn-pairs(column-number— column-value)to besortedin any order.

An exampleof CLUTO’s matrix formatis shown in Figure15. This figureshows anexample7 × 8 matrix andits
correspondingrepresentationin CLUTO’s matrix format.

Dense Matrix Format A densematrix A with n rowsandm columnsis storedin aplaintext file thatcontainsn+1
lines. Thefirst line storesinformationaboutthesizeof thematrix, while the remainingn linescontaininformation
for eachrow of A. Thefirst line of thematrix file containsexactly two numbers,all of which areintegers.Thefirst
integeris thenumberof rows in thematrix(n) andthesecondintegeris thenumberof columnsin thematrix (m). The
remainingn linesstorethevaluesof them columnsfor eachoneof therows. In particular, eachline containsexactly
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Figure 14: Various visualizations generated by the -plottree parameter.
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Matrix Input File

Figure 15: Storage format of a sample matrix.

m space-separatedfloatingpointvalues,suchthatthei th valuecorrespondsto the i th columnof A.

3.3.2 Graph File

The primary input of CLUTO’s scluster programis the adjacency matrix of the graphthat specifiesthe similarity
betweentheobjectsto beclustered.Eachrow/columnof thismatrixrepresentsasingleobject,andavalueat the(i , j )
locationof this matrix indicatesthesimilarity betweenthei th andthe j th object.

CLUTO understandstwo differentinputgraphformats.Thefirst formatis suitablefor sparsegraphsandthesecond
formatis suitablefor storingdensegraphs(i.e., graphswhoseadjacency matrixcontainmostlynon-zeros).Theformat
of thesefiles areverysimilar to thecorrespondingformatsfor matrices,andtheonly differenceis thatthey now store
adjacency matriceswhicharesquare.

NotethatCLUTO, automaticallydetectstheformatof theinputfile basedonthefirst line of thefile (i.e., thesparse
graphformathastwo numberswhereasthedense graphformathasonenumber).

Sparse Graph Format Theadjacency matrix A of a sparsegraphwith n verticesis storedin a plain text file that
containsn+1 lines.Thefirst line containsinformationaboutthesizeof thegraph,while theremainingn linescontain
informationfor eachrow of A (i.e., adjacency structureof thecorrespondingvertex). In CLUTO’ssparsegraphformat
only thenon-zeroentriesof theadjacency matrixarestored.

Thefirst line of thefile containsexactly two numbers,all of which areintegers.Thefirst integeris thenumberof
verticesin thegraph(n) andthesecondintegeris thenumberof edgesin thegraph(i.e., thetotalnumberof non-zeros
entriesin A).

Theremainingn linesstoreinformationabouttheactualnon-zerostructureof A. In particular, the(i + 1)st line of
thefile containsinformationabouttheadjacency structureof thei th vertex (i.e., thenon-zeroentriesof thei th row of
theadjacency matrix). Theadjacency structureof eachvertex is specifiedasa space-separatedlist of pairs.Eachpair
containsthenumberof theadjacentvertex followedby thesimilarity of thecorrespondingedge.Thevertex numbers
areassumedto beintegersandtheir similarity valuesareassumedto befloatingpointnumbers.

Notethattheverticesarenumberedstartingfrom 1 (not from 0 as isoftendonein C).Furthermore,CLUTO’sgraph
formatdoesnot requirethevertex-pairs(vertex-number— similarity-value)to besortedin any order.

Dense Graph Format The adjacency matrix of a dense graphwith n verticesis storedin a plain text file that
containsn + 1 lines. Thefirst line storesinformationaboutthesizeof thegraph,while theremainingn linescontain
informationfor eachrow of theadjacency matrix. Thefirst line of thefile containsexactly onenumber, which is the
numberof verticesn of thegraph.Theremainingn linesstorethevaluesof then columnsof theadjacency matrix for
eachoneof thevertices.In particular, eachline containsexactlyn space-separatedfloatingpointvalues,suchthatthe
i th valuecorrespondsto thesimilarity to thei th vertex of thegraph.

3.3.3 Row Label File

As discussedin Section3,whenthe-rlabelfileparameteris used,CLUTO’sstand-aloneprogramsreadafile thatstores
the label for eachoneof therows (i.e., objects) of thematrix. Theformatof this file is asfollows. If n is the total
numberof rows in the matrix, thenthe row-label file containsexactly n lines. The informationstoredin eachline
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is treatedasa stringandbecomesthe label of the correspondingrow of the matrix. That is, the i th line of this file
containsthelabelof thei th row of thematrix.

3.3.4 Column Label File

As discussedin Section3.1,whenthe -clabelfileparameteris used,thevcluster programreadsa file thatstoresthe
label for eachoneof thecolumns(i.e., features)of thematrix. Theformatof this file is asfollows. If m is thetotal
numberof columnsin thematrix, thenthecolumn-labelfile containsexactly m lines. Theinformationstoredin each
line is treatedasa stringandbecomesthelabelof thecorrespondingcolumnof thematrix. Thatis, the i th line of this
file containsthelabelof thei th columnof thematrix.

3.3.5 Row Class Label File

As discussedin Section3.1,whenthe -rclassfileparameteris used,thevcluster programreadsa file thatstoresthe
classlabelsfor eachoneof therows (i.e., objects)of thematrix. Theformatof this file is asfollows. If n is thetotal
numberof rows in thematrix, thentheclass-labelfile containsexactly n lines. Theinformationstoredin eachline is
treatedasa stringandbecomestheclass-labelof thecorrespondingobjectof thematrix. That is, the i th line of this
file containsthe labelof the i th row of thematrix. In orderto ensurethata setof objectsbelongto thesameclass,
their correspondingrows in theclass-labelfile mustcontainidenticalstrings.

3.4 Output File Formats

CLUTO’sclusteringprogramscangeneratetwodifferenttypesof outputfilesthatstoreinformationabouttheclustering
solutionthey havecomputed.Thefirst file containstheclusteringvectorandtheinternalandexternalz-scoresfor each
object(whenthe-zscoresoptionwasspecified),whereasthesecondfile containstheentirehierarchicalagglomerative
tree(when-clmethod=aggloor whenthe-fulltreeoptionwasspecified(,or theagglomerativetreethatwasbuilt ontop
of thecomputedclusteringsolution(whenthe-showtreeoptionwas specified).Theformatof thesefiles is described
in thefollowing sections.

3.4.1 Clustering Solution File

Theclusteringfile of a matrix with n rows consistsof n lineswith a singlenumberper line. The i th line of thefile
containstheclusternumberthatthei th object/row/vertex belongsto. Clusternumbersrunfrom zeroto thenumberof
clustersminusone.

In this case,CLUTO’s clusteringalgorithmswill not be able to assignall the objectsto any of the clusters. In
this case,the clusternumberfor that particularrow/vertex will be set to -1. This usuallyhappensfor two reasons.
First, CLUTO’s vcluster programremoves all thecolumnsthatoccurin fewer thanthreerows beforecomputingthe
clusteringsolution. This is for performancereasons,andit doesnot affect the quality of the computedclustering
solution.However, asaresultof thispruningstep,someobjectsmaylooseall of their features,in whichcasethey will
notbeclustered.Second,in thecaseof thegraph-partitioning-basedclusteringalgorithm,certainverticesof thegraph
maybeprunedprior to clusteringby usingacombinationof the-edgeprune, -vtxprune, or -mincomponentparameters.

If the-zscoresis specified,eachline of thisfile alsocontainstwo additionalnumbersright aftertheclusternumber.
Thefirst numberis its internalz-score,andthesecondnumberis its externalz-score.

3.4.2 Tree File

The tree producedby performinga hierarchicalagglomerative clusteringon top of the k-way clusteringsolution
producedby vcluster is storedin a file in theform of a parentarray. In particular, if k is thenumberof clusters,then
thetreefile contains2k− 1 lines,suchthatthei th line containstheparentof thei th nodeof thetree.In thecaseof the
root node,that is storedin thelast line of thefile, theparentis setto -1. For example,thetreefile for thetreeshown
in Figure9 will contain19 lines,andeachline will storethefollowing numbers(onenumberperline): 16, 12, 13, 16,
13, 10, 11, 12, 11, 10, 14, 15, 15, 14, 18, 17, 17, 18,-1.

In additionto theparentof eachnode,CLUTO’s treefile alsooutputstwo numbersfor eachinternalnodethetree.
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Thefirst numberis theaveragesimilarity betweenthe siblingsof eachtreenode. Sincethis quantityis not defined
for the leaves,only the rows of thefile correspondingto the interior nodesof the treecontainmeaningfulnumbers.
Thesecondnumberis thechangein thevalue ofthecriterion functionachieved by combiningtheparticularpair of
clusters.Notethat in thecaseof thetraditionalsingle-link,complete-link,andUPGMA agglomerativemethods,the
gainof theagglomerationis consideredto betheweightof the link usedin makingthemergingdecisions.

If for somereason,CLUTO’s clusteringprogramscannotproduceanentiresinglehierarchicaltree,thentheparent
arraywill containmultiplesubtrees.Thesubtreescanbere-constructedby traversing theparentarrayfrom theleaves
towardtheroot. Whena “-1” is encounteredastheparentof a nodeotherthantheroot’s, thenthis particularsubtree
ends.

4 Whic h Clustering Algorithm Should I Use?

If you have readCLUTO’s manualup to this point you maystartto wonderingaboutwhich clusteringalgorithmto
usefor yourapplication.Well, thereis nocorrectanswer, as it highly dependsonthenatureof yourdatasetsandwhat
constitutesmeaningfulclustersin your application.Nevertheless,this sectionattemptsto clarify someof the“sweat
spots”of CLUTO’s variousclusteringalgorithmsandprovidesomegeneralusageguidelines.

4.1 Cluster Types

We startour discussionby describingtwo differenttypesof clustersthatoftenarisein differentapplicationdomains.
What differentiatesthemis the relationshipbetweenthe cluster’s objectsandthe dimensionsof their featurespace.
Notethatthis is by nomeansanexhaustivelist of clustertypes.

The first type of clusterscontainsobjectsthat exhibit a strongpatternof conservation along a subsetof their
dimensions.That is, thereis a subsetof the original dimensionsin which a large fractionof the objectsagree.For
example,if thedimensionscorrespondto words(or products),what thatmeansis thata collectionof documents(or
customers)will form a cluster, if thereexist a subsetof terms(or products)thatarepresent(or purchased)in a large
fractionof the documents(or customers).You canactuallyseethis type of clustersby looking at the visualization
examplesshown in Figure10, aswell as,theweightsassociatedwith thedescriptive featuresthatwereoutputusing
the -showfeaturesoption in Figure6. In the caseof the visualizations,you canclearly seesomeof the dimensions
(i.e., columns)thatareconservedin eachcluster, andin thecaseof -showfeaturesyou canseethatthetop-5termsin
eachclusteraccountsfor a largefractionof thesimilarity betweentheobjectsof eachcluster.

This subsetof dimensionsis often referredto as a subspace, and the above statedpropertycan be viewed as
thecluster’s objectsandits associateddimensionsforming a densesubspace. Of course,thenumberof dimensions
in thesedensesubspaces,aswell as, the density(i.e., how large is the fraction of the objectsthat sharethe same
dimensions)will bedifferentfrom clusterto cluster. Exactlythis variationin subspacesizeanddensity(andthefact
that an objectcanbe part of multiple disjoint or overlappingdensesubspaces)is what complicatesthe problemof
discovering this type of clusters. Therearea numberof applicationareasin which this type of clustersgive rise
to meaningfulgroupingof the objects(i.e., domainexpertswill tend to agreethat the clustersarecorrect). Such
areasincludesclusteringdocumentsbasedon thetermsthey contain,clusteringcustomersbasedon theproductsthey
purchase,clusteringgenes basedon theirexpressionlevels,clusteringproteinsbasedon themotifs they contain,etc.

The secondtype of clusterscontainsobjectsin which againthereexist a subspaceassociatedwith that cluster.
However, unlike the earliercase,in theseclusterstherewill be sub-clustersthat sharea very small numberof the
subspace’s dimension,but therewill bea strongpathwithin thatclusterthatwill connectthem.By “strongpath” we
meanthatif A andB aretwosub-clustersthatshareonlyafew dimensions,thentherewill beanothersetof sub-clusters
X1, X2, . . . , Xk, thatbelongto thecluster, suchthateachof thesub-clusterpairs(A, X 1), (X1, X2), . . . , (Xk, B) will
sharemany of thesubspace’s dimensions.Whatcomplicatesclusterdiscovery in this settingis that theconnections
(i.e., sharedsubspacedimensions)betweensub-clusterswithin aparticularclusterwill tendto beof differentstrength.
Examplesof suchclustersarethespatialclusterspresentin thetwo-dimensionaldatasetsof Figure3. In thiscase,the
dimensionsin our definitioncorrespondto small rangesof thex andy-axis. With this in mind,we seethatthereare
groupsof pointsin the�-shapedclustersthatdo not shareeitherof the x or y ranges,However, thereis a spatially
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contiguoussetof pointsthatconnectthem.
Our discussionsofar focusedon therelationshipbetweentheobjectsandtheir featurespace.However, thesetwo

classesof clusterscanalsobeunderstoodin termsof the theobject-to-objectsimilarity graph.Thefirst typeof clusters
will tendto containobjectsin which the similarity betweenall pairsof objectswill be high. On the otherhand,in
thesecondtypeof clusterstherewill bea lot of objectswhosedirectpairwisesimilarity will bequite low, but these
objectswill beconnectedby many pathsthatstaywithin theclusterthattraversehighsimilarity edges.Thenamesof
thesetwo clustertypeswereinspiredby this similarity-basedview, andthey arereferredto asglobular andtransitive
clusters,respectively.

Matching Algorithms to Cluster Types CLUTO providesclusteringalgorithmsfor findingbothof thesetypes
of clusters. In particular, the partitional clusteringalgorithmscorrespondingto “rb”, “rbr”, and “direct”, and the
agglomerativealgorithm“agglo” thatdoesnotusethesingle-linkcriteriontendto find globularclusters.On theother
hand,theagglomerativeschemewith thesingle-linkcriterionandthegraph-partitioning-basedclusteringalgorithms
tend to find transitive clusters. It shouldbe notedthat any of the algorithmscanfind eitherglobular or transitive
clustersprovidedthattheseclustersaresufficiently far away from eachother.

Thedifferentclusteringcriterionfunctionsusedby thepartitionalandagglomerativeclusteringalgorithmsimpact
the extent to which the individual instanceof the clusteringalgorithmis capableof finding globular clustersthat
containclusterswith differentsizeconsensus,or clusterswhoseaveragepair-wisesimilarity is different,aswell as,
theextentto whichclusterscanbeof dramaticallydifferentsizes.Thereaderis referredto [6] for ananalysisof these
criterionfunctions.

4.2 Similarity Measures Between Objects

CLUTO’sclusteringalgorithmsimplementedbyvcluster treattheobjectstobeclusteredasvectorsin ahigh-dimensional
spaceandmeasurethedegreeof similarity betweentheseobjectsusingeitherthecosinefunction,thePearson’s cor-
relationcoefficient, or a similarity derived from the Euclideandistanceof thesevectors. By using the cosineand
correlationcoefficient measures,thentwo objectsaresimilar if their correspondingvectors2 point in thesamedirec-
tion (i.e., they haveroughlythesamesetof featuresandin thesameproportion),regardlessof their actuallength.On
theotherhand,theEuclideandistancedoestake into accountbothdirectionandmagnitude.

Thesecosine-andcorrelation-basedsimilarity measuresarewell-suitedfor clusteringhigh-dimensional(aswell
as low-dimensional)datasetsarising in many diverseapplicationsareas,including informationretrieval, customer
purchasingtransactions,science,andbiology. Moreover, for many criterionfunctions,clusteringalgorithmsbasedon
thecosinesimilarity measureareequivalentwith algorithmsthatusetheEuclideandistancemeasureon vectorsthat
arescaledto beof unit-length[6]. On theotherhand,theEuclideandistancebasedsimilarity functionis well-suited
for findingclustersin theoriginal featurespace,asit is thecasefor thespatialclustersshown in Figure3.

Thereare applicationsin which the provided similarity measuresare not sufficient (e.g., clusteringsequence
dataset).In suchcasesyou have to usethescluster programin which you provide thepairwisesimilaritiesbetween
theobjects(youneedto provideonly thenon-zerosimilarities).It is critical to ensurethatthesuppliedsimilaritiesare
reasonable,especiallyin thecaseof criteriondriven partitionalclustering(i.e., for “rb”, “rbr”, and“direct”), asthese
approachestry to optimizetheclusteringcriterionfunction,basedonly on thesesimilarities. Someexamplesof bad
similarity functionswill betheonesin which thereis a wide-rangebetweenthevarioussimilarity values,with some
pairwisesimilaritiesbeingextremelylarge. In suchcases,the optimal clusteringsolution(in termsof the criterion
function)mayjust containindividualclustersfor eachsuchhighly-similarpair of objects,with therestof theobjects
assignedto onecluster.

2In thecaseof Pearson’s correlationcoefficient thevectorsareobtainedby first subtractingtheir averagevalue.
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4.3 Scalability of CLUTO’s Clustering Algorithms

Thevariousclusteringalgorithmsprovidedwith CLUTO havedifferentscalabilitycharacteristics.Table2 summarizes
thetime-andspace-complexity of someof theclusteringalgorithms.

vcluster
Algorithm TimeComplexity SpaceComplexity
-clmethod=rb,-sim=cos O(NNZ∗ log(k)) O(NNZ)
-clmethod=rb,-sim=corr O(n ∗ m ∗ log(k)) O(n ∗ m)

-clmethod=direct,-sim=cos O(NNZ∗ k + m ∗ k) O(NNZ+ m ∗ k)

-clmethod=direct,-sim=corr O(n ∗ m ∗ k) O(n ∗ m + m ∗ k)

-clmethod=agglo, O(n2 ∗ log(n)) O(n2)

-clmethod=agglo,-crfun=[�1,�2 ] O(n3) O(n2)

-clmethod=graph, O(n2 + n ∗ NNbrs∗ log(k)) O(nNNbrs)

scluster
Algorithm TimeComplexity SpaceComplexity
-clmethod=rb,-sim=cos O(NNZ∗ log(k)) O(NNZ)
-clmethod=rb,-sim=corr O(n ∗ m ∗ log(k)) O(n ∗ m)

-clmethod=direct,-sim=cos O(NNZ∗ k + m ∗ k) O(NNZ+ m ∗ k)

-clmethod=direct,-sim=corr O(n ∗ m ∗ k) O(n ∗ m + m ∗ k)

-clmethod=agglo, O(n2 ∗ log(n)) O(n2)

-clmethod=agglo,-crfun=[�1,�2 ] O(n3) O(n2)

-clmethod=graph, O(n ∗ NNbrs∗ log(k)) O(nNNbrs)

Table 2: The complexity of CLUTO’s clustering algorithms. The meaning of the various quantities are as follows: n is the number
of objects to be clustered, m is the number of dimensions, NNZ is the number of non-zeros in the input matrix or similarity matrix,
NNbrs is the number of neighbors in the nearest-neighbor graph.

Looking at theseresultswe canseethat in termsof time andmemory, the mostscalablemethodis vcluster’s
repeated-bisectingalgorithmthatusesthecosinesimilarity function(i.e., -clmethod=rb, -sim=cos). Ourexperiments
showedthat it cancomputea 10-way partitioningof a datasetwith 140K documentsand83K termsin lessthanfive
minuteson a Intel Xeon basedworkstation.The leastscalableof the algorithmsarethe onesbasedon hierarchical
agglomerative clustering. The critical aspectof thesealgorithmsis that their memoryrequirementsscalequadratic
on thenumberof objects,andthey cannotbeusedto clustermorethan5K-10K objects.However, if you do wantto
obtaina treefor a largedatasetyou shouldthenusethe -fulltreeoption thatcombinespartitionalandagglomerative
clustering.
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5 CLUTO’s Librar y Interface

The functionalityprovidedby CLUTO’s vcluster andscluster programscanalsobe accesseddirectly from a C or
C++ programby usingtheprovidedstand-alonelibrary. In therestof this sectionwe provide informationabouthow
to link yourprogramwith CLUTO’s library, describethedatastructuresusedto passinformationinto theroutinesand
give adetaileddescriptionof thecallingsequenceof thevariousroutines.

5.1 Using CLUTO’s Librar y

In orderto useCLUTO’s stand-alonelibrary you mustlink your programwith CLUTO’s pre-compiledlibrary that is
provide in thesoftwaredistribution. For Unix-baseddistributions,thenameof thelibrary is libcluto.a, andfor
theWindows 32 distribution, thenameof thelibrary file is libcluto.lib. At this point no dynamiclink libraries
areprovidedfor eitherUnix- or Windows-baseddistributions;however, suchlibrariesmaybeprovidedin thefuture.

Themethodby which anexternallibrary is linkedto your programvariesfrom systemto system.In mostUnix-
basedsystemsyoucanlink it by justspecifying-lcluto attheendof “cc” or “ld” commandline. Caremustbetaken
thatCLUTO’s library is in thedefault library searchpath.In mostcasesthis canbemodifiedby usingthe“-L” option
to specifythedirectorywherelibcluto.a is stored.For Windows-basedsystems,thelinking methoddependson
theparticulardevelopmentenvironment,andyoushouldconsultits documentation.

Any programthat usesCLUTO’s library must includethe cluto.h headerfile that is provided with CLUTO’s
distribution. This file containsvariousconstantdefinitionsas well as function prototypesand allows C andC++
programsto accessCLUTO’s functions.

5.2 Matrix and Graph Data Structure

Most of theroutinesin CLUTO’s library take, asinput, theobjectsto beclusteredin the form of a matrix. For some
routinesthis matrixcorrespondsto thefeature-spacerepresentationof theobjects,thatis, therowsaretheobjectsand
thecolumnsarethefeatures(just like thematrix-file for thevcluster program).Whereasfor someotherroutines,this
matrix correspondsto theadjacency matrix of thesimilarity graphbetweentheobjects,that is, boththerows andthe
columnsof thematrixcorrespondto theverticesin thegraph(just like thegraph-filefor thescluster program).

Even thoughthesetwo type of matricesrepresententirely different information,they areprovided to CLUTO’s
routinesusingthesamedatastructure.This is primarily becausetheadjacency matrixof a graphis, afterall, a matrix
which justhappensto havethesamenumberof rowsandcolumns.

CLUTO’s routinessupportbothsparseanddensematricesusingthesamesetof datastructures.

Sparse Matrix and Graph Data Structure A sparsematrix is suppliedto CLUTO’s routinesusingarow-based
compressedstorageformat(CSR).TheCSRformatis awidely usedschemefor storingsparsematrices.In this format
a matrix with n rows,m columns,andnnznon-zeroentriesis representedusingthreearraysthatarecalledrowptr,
rowind, androwval. Thearrayrowptr is of sizen+ 1 whereasthearraysrowind androwval areof sizennz.

Thearrayrowind storesthecolumn-indicesof thenon-zeroentriesin thematrix, andthearrayrowval stores
their correspondingvalues. In particular, the arrayrowind storesthe column-indicesof the first row, followedby
thecolumn-indicesof thesecondrow, andsoon. Similarly, thearrayrowval storesthecorrespondingvaluesof the
non-zeroentriesof thefirst row, followedby thecorrespondingvaluesof thenon-zeroentriesof thesecondrow, and
soon. Thearrayrowptr is usedto determinewherethestorageof a row startsandendsin thearrays,rowind and
rowval. In particular, thecolumn-indicesof thei th row arestoredstartingatrowind[rowptr[i]] andendingat
(but not including)rowind[rowptr[i+1]]. Similarly, thevaluesof thenon-zeroentriesof thei th row arestored
startingatrowval[rowptr[i]] andendingat (but not including)rowval[rowptr[i+1]]. Also notethatthe
numberof non-zeroentriesof thei th row is simplyrowptr[i+1]-rowptr[i].

Figure16 illustratesthe CSRformat for the sparsematrix usedearlierto illustratedthe formatof the matrix file
usedby vcluster. Note,thatthenumberingof thecolumnsin theCSRformatstartsfrom zeroandnot from one.
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Figure 16: An example of the CSR format for storing sparse matrices.

Dense Matrix Data Structure A densematrix is suppliedto CLUTO’s routinesby usingonly therowval array
andsettingtherowptr androwind arraysto NULL. In fact,CLUTO’s routinesdeterminetheinput matrix format
by checkingto seeif rowptr is NULL or not. A densematrix with n rows andm columnsis passedto CLUTO by
supplyingin rowval then × m valuesof thematrix, in row-majororderformat.Thatis, them valuesof the i th row
(wherei takesvaluesfrom 0 . . .n − 1) is storedstartingat locationrowval[i*m] andendingat (but not including)
rowval[(i+1)*m].

5.3 Clustering Parameter s

Mostof CLUTO’s routinestake,asinput,two parametersthatcontrolthesimilarity functionto beusedwhile clustering
theobjectsandtheclusteringcriterionfunctionto beoptimizedin theprocessof clustering.Thesetwo parametersare
calledsimfunandcrfun, respectively.

5.3.1 The simfun Parameter

This parameterspecifiedthesimilarity functionto beusedfor clusteringtheobjects.This parameteris similar to the
-simoptionof vcluster. Thepossiblevaluesfor thesimfunparameterarethefollowing:

CLUT O SIM COSINE Thesimilarity betweentheobjectsis computedusingthecosinefunc-
tion of their vectors.This is thesimilarity functionusedby thedefault
settingsof vcluster andscluster.

CLUT O SIM CORRCOEF The similarity betweenthe objectsis computedusing the correlation
coefficientof their vectors.

CLUT O SIM EDISTANCE Thesimilarity betweentheobjectsis computedto beinverselyrelated
to theirEuclideandistance.In particular, if di, j is thedistancebetween
twoobjects,anddmax is themaximumdistancebetweenany twoobjects
in thedataset,thesimilarity betweentheseobjectsis setto be

sim(i , j ) = 1 −
di, j

1.0+ dmax
.

5.3.2 The crfun Parameter

This parameterspecifiestheclusteringcriterionfunctionto beusedin finding theclusters.This parameteris similar
to the-crfunoptionof vcluster andscluster. Thepossiblevaluesfor thecrfunparameterarethefollowing:

CLUT O CLFUN I1 SelectstheI1 (�1) criterionfunction.

CLUT O CLFUN I2 SelectstheI2 (�2) criterionfunction.

CLUT O CLFUN E1 SelectstheE1(�1) criterionfunction.

CLUT O CLFUN G1 SelectstheG1(�1) criterionfunction.

CLUT O CLFUN G1P SelectstheG1’ (� ′
1) criterionfunction.
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CLUT O CLFUN H1 SelectstheH1 (�1) criterionfunction.

CLUT O CLFUN H2 SelectstheH2 (�2) criterionfunction.

CLUT O CLFUN SLINK Selectsthetraditionalsingle-linkmergingcriterion.

CLUT O CLFUN SLINK W Selectsthe weightedsingle-link merging criterion, in which the initial
similarity betweentwo clustersis scaledby thesumof thesimilaritiesbetween
theobjectsof thecluster.

CLUT O CLFUN CLINK Selectsthetraditionalcomplete-linkmergingcriterion.

CLUT O CLFUN CLINK W Selectstheweightedcomplete-linkmerging criterion,in which theini-
tial similarity betweentwo clustersis scaledby thesumof thesimilaritiesbe-
tweentheobjectsof thecluster.

CLUT O CLFUN UPGMA SelectsthetraditionalUPGMA mergingcriterion.

5.3.3 The cstype Parameter

This parameterspecifiesthe methodto be usedfor selectingthe next clusterto be bisectedby CLUTO’s repeated-
bisecting-andgraph-partitioning-basedclusteringalgorithms.Thisparameteris similar to the-cstypeoptionof vclus-
ter andscluster. Thepossiblevaluesfor thecstypeparameterarethefollowing:

CLUT O CSTYPE LARGE Selectsto bisectthelargestclusterfrom thecurrentclusteringsolution.

CLUT O CSTYPE BEST Selectsto bisecttheclusterthatwill leadto thebestvalue oftheclustering
criterionfunctionthatis guidestheclusteringprocess.

5.4 Object Modeling Parameter s

Most of CLUTO’s routinestake as input threeparametersthatcontrolhow therows andcolumnsof the input matrix
will bemodeled.Theseparametersarecalledrowmodel, colmodel, andcolprune.

5.4.1 The rowmodel Parameter

This parameterspecifiesthemodelto beusedfor scalingthevariouscolumnsof eachrow. This parameteris similar
to the-rowmodeloptionof vcluster. Thepossiblevaluesfor this parameterare:

CLUT O ROWMODEL NONE Thecolumnsof eachrow arenotscaledandusedassuppliedin the
rowval array.

CLUT O ROWMODEL MAXTF Thecolumnsof eachrow arescaledsotheir valuesarebetween0.5
and1.0.

CLUT O ROWMODEL SQRT Thecolumnsof eachrow arescaledto beequalto thesquareroot
of theiractualvalues.

CLUT O ROWMODEL LOG Thecolumnsof eachrow arescaledto beequalto the log of their
actualvalues.

5.4.2 The colmodel Parameter

Thisparameterspecifiesthemodelto beusedfor scalingthevariouscolumnsgloballyacrossall therowsof thematrix.
Thisparameteris similar to the-colmodeloptionof vcluster. Thepossiblevaluesfor this parameterare:

CLUT O COLMODEL NONE Thecolumnsof thematrixarenotgloballyscaledandthey areusedas
is.

CLUT O COLMODEL IDF The columnsof the matrix arescaledaccordingto the inversedocu-
mentfrequency paradigm(IDF), thatwas describedin vcluster’s sec-
tion.
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5.4.3 The grmodel Parameter

This parameterspecifiesthetypeof k-nearestneighborgraphthatwill bebuilt by CLUTO’s graph-partitioningbased
clusteringalgorithms.This parameteris similar to the-grmodeloptionof vcluster andscluster. Thepossiblevalues
for thisparameterare:

CLUT O GRMODEL SYMETRIC DIRECT An edgebetweentwo verticesu andv is included
if andonly if they arein thenearest-neighborlist of
eachother. Theweightof thisedgeis setequalto the
similarity of theobjects.

CLUT O GRMODEL ASSYMETRIC DIRECT An edgebetweentwo verticesu andv is included
aslong asoneof themis in thenearest-neighborlist
of the other. Theweightof this edgeis setequalto
thesimilarity of theobjects.

CLUT O GRMODEL SYMETRIC LINK An edgebetweentwo verticesu andv is included
if andonly if they arein thenearest-neighborlist of
eachother. Theweightof this edgewas setequalto
thenumberof neighborsthatverticesu andv havein
common.

CLUT O GRMODEL ASSYMETRIC LINK An edgebetweentwo verticesu andv is includedas
long asoneof themis in thenearest-neighborlist of
the other. The weight of this edgewas setequalto
thenumberof neighborsthatverticesu andv havein
common.

CLUT O GRMODEL NONE Thesuppliedgraphis usedasis.

5.4.4 The colprune Parameter

Thisparameterspecifiesthefactorbywhichthecolumnsof thematrixwill beprunedbeforeperformingtheclustering.
Valid rangeof valuesarefrom (0.0, 1.0]. A value of1.0indicatesnopruningandis thedefaultsettingfor vcluster.

5.4.5 The edgeprune Parameter

This parametercontrolshow the edgesin the graph-partitioningclusteringalgorithmswill be prunedbasedon the
link-connectivity of their incidentvertices.Pleasereferto thediscussionof CLUTO’s -edgeprunefor furtherdetails.
A value of -1suppressesedge-pruning.

5.4.6 The vtxprune Parameter

This parametercontrolshow outlier verticesin thegraph-partitioningclusteringalgorithmswill beprunedbasedon
their degree.Pleasereferto thediscussionof CLUTO’s -vtxprunefor furtherdetails.A value of -1suppressesvertex-
pruning.

5.5 Debugging Parameter

Mostof CLUTO’s routinestake asinputaparametercalleddbglvlthatcontrolstheamountof informationtobeprinted.
This is usedfor internalpurposesandshouldbesetto 0, whichsuppressesany debuggingoutput.
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5.6 Clustering Routines

void CLUTO VP ClusterDirect (int nrows,int ncols,int *rowptr, int *rowind,float *rowval, int simfun,
int crfun,int rowmodel,int colmodel,float colprune,int ntrials,int niter,
int seed,int dbglvl, int nclusters,int *part)

Description
Usedto clustera matrix into a specified(k) numberof clustersusinga partitionalclusteringalgorithmthat
computesthek-wayclusteringdirectly. Providesthefunctionalityof the-clmethod=directclusteringmethodof
thevcluster program.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsto beclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

simfun, crfun
Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.

rowmodel,colmodel,colprune
Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

ntrials Specifiesthenumberof differentclusteringsolutionsto becomputed.Thesolutionthatachievesthe
bestvalue ofthecriterionfunctionis theonethat is returned.Thevaluefor ntrials mustbegreater
thanzero,andvcluster’sdefault settingis 10.

niter Specifiesthemaximumnumberof iterationsthatareperformedduringeachrefinementcycle. The
valuefor niter hasto begreaterthanzero.

seed Theseedto beusedby therandom numbergenerator.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s
part This is an arrayof sizenrows that uponsuccessfulcompletionstoresthe clusteringvectorof the

matrix. Thei th entryof thisarraystorestheclusternumberthatthei th row of thematrixbelongsto.
Notethatthenumberingof theclustersstartsfrom zero.Theapplicationis responsiblefor allocating
thememoryfor this array.

Undercertaincircumstances,CLUTO maynot beableto assigna particularrow to a cluster. In this
case,thepart[] entryof thatparticularrow will besetto -1.

Note
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void CLUTO VP ClusterRB (int nrows,int ncols,int *rowptr, int *rowind,float *rowval,
int simfun,int crfun,int rowmodel,int colmodel,floatcolprune,
int ntrials,int niter, int seed,int cstype,int kwayrefine,
int dbglvl, int nclusters,int *part)

Description
Usedto clusteramatrix into aspecified(k) numberof clustersusingapartitionalclusteringalgorithmthatcom-
putesthek-waybyperformingasequenceof repeatedbisections.Providesthefunctionalityof the-clmethod=rb
and-clmethod=rbrclusteringmethodsof thevcluster program.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsto beclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

simfun, crfun, cstype
Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.

rowmodel,colmodel,colprune
Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

ntrials Specifiesthenumberof differentclusteringsolutionsto becomputed.Thesolutionthatachievesthe
bestvalue ofthecriterionfunctionis theonethat is returned.Thevaluefor ntrials mustbegreater
thanzero.

niter Specifiesthemaximumnumberof iterationsthatareperformedduringeachrefinementcycle. The
valuefor niter hasto begreaterthanzero.

seed Theseedto beusedby therandom numbergenerator.

kwayrefine
This parametercontrolswhetheror not theclusteringsolutionwill beglobally optimizedat theend
by performinga seriesof k-wayrefinementiterations.Thepossiblevaluesfor thisparameterare:

0 Doesnotoptimizetheclusteringsolutionglobally.

1 Optimizestheclusteringsolutionglobally.

The global optimizationof the clusteringsolution can significantly increasethe amountof time
requiredto performtheclustering.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s
part This is an arrayof sizenrows that uponsuccessfulcompletionstoresthe clusteringvectorof the

matrix. Thei th entryof thisarraystorestheclusternumberthatthei th row of thematrixbelongsto.
Notethatthenumberingof theclustersstartsfrom zero.Theapplicationis responsiblefor allocating
thememoryfor this array.

Undercertaincircumstances,CLUTO maynot beableto assigna particularrow to a cluster. In this
case,thepart[] entryof thatparticularrow will besetto -1.

Note
CLUTO VP ClusterRBis considerablyfasterthanCLUTO VP ClusterDirectandit shouldbepreferredif the
numberof desiredclustersis quitelarge(e.g., greaterthan20–30).
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int CLUTO VP GraphClusterRB (int nrows,int ncols,int *rowptr, int *rowind,float *rowval,
int simfun,int rowmodel,int colmodel,floatcolprune,int grmodel,
int nnbrs,floatedgeprune,floatvtxprune,int mincmp,
int ntrials,int seed,int cstype,int dbglvl, int nclusters,
int *part, float *crvalue)

Description
Usedto clustera matrix into a specified(k) numberof clustersusing a graph-partitioning-basedclustering
algorithmthat computesthe k-way by performinga sequenceof repeatedmin-cut bisections. Provides the
functionalityof the-clmethod=graphclusteringmethodof thevcluster program.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsto beclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

simfun, crfun, cstype
Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.

rowmodel,colmodel,colprune, vtxprune, edgeprune
Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

nnbrs Thenumberof neighborsof eachobjectthatwill beusedto createthenearestneighborgraph.

mincmp Thesizeof theminimumconnectcomponentthatwill beprunedprior to clustering.

ntrials Specifiesthenumberof differentclusteringsolutionsto becomputed.Thesolutionthatachievesthe
bestvalue ofthecriterionfunctionis theonethat is returned.Thevaluefor ntrials mustbegreater
thanzero.

seed Theseedto beusedby therandom numbergenerator.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s
part This is an arrayof sizenrows that uponsuccessfulcompletionstoresthe clusteringvectorof the

matrix. Thei th entryof thisarraystorestheclusternumberthatthei th row of thematrixbelongsto.
Notethatthenumberingof theclustersstartsfrom zero.Theapplicationis responsiblefor allocating
thememoryfor this array.

Undercertaincircumstances,CLUTO maynot beableto assigna particularrow to a cluster. In this
case,thepart[] entryof thatparticularrow will besetto -1.

crvalue This is avariablethatuponreturnsstorestheedge-cutof theclusteringsolution.

Returned Value
Returnsthenumberof clustersthat it found. This numberwill beequalto thenumberof desiredclustersplus
thenumberof connectedcomponentsin thegraph.

Note
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void CLUTO VA Cluster (int nrows,int ncols,int *rowptr, int *rowind,float *rowval,
int simfun,int crfun,int rowmodel,int colmodel,floatcolprune,
int dbglvl, int nclusters,int *part, int *ptree,float *tsims,float *gains)

Description
Usedto clustera matrix into a specified(k) numberof clustersusinga hierarchicalagglomerative clustering
algorithm.Providesthefunctionalityof the-clmethod=agglo clusteringmethodof thevcluster program.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsto beclustered.
rowptr, rowind, rowval

Thematrix itself in theformatdescribedin Section5.2.
simfun, crfun

Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.
rowmodel,colmodel,colprune

Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s
part This is an arrayof sizenrows that uponsuccessfulcompletionstoresthe clusteringvectorof the

matrix. Thei th entryof thisarraystorestheclusternumberthatthei th row of thematrixbelongsto.
Notethatthenumberingof theclustersstartsfrom zero.Theapplicationis responsiblefor allocating
thememoryfor this array.

Undercertaincircumstances,CLUTO maynot beableto assigna particularrow to a cluster. In this
case,thepart[] entryof thatparticularrow will besetto -1.

ptr ee This is anarrayof size2*nrows that uponsuccessfulcompletionstorestheparentarrayof the bi-
naryhierarchicaltree.In this tree,eachnodecorrespondsto acluster. Theleafnodesaretheoriginal
nrowsobjects,andthey arenumberedfrom0 to nrows-1. Theinternalnodesof thetreearenumbered
from nrows to 2*nrows-2. Thenumberingof the internalnodesis performedso thatsmallernum-
berscorrespondto clustersobtainedby merging a pair of clustersearlierduringtheagglomeration
process.Therootof thetreeis numbered2*nrows-2.

The i th entryof theptreearraystorestheparentnodeof the i nodeof thetree. Theptreeentryfor
theroot is setto -1.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

tsims This is an arrayof size2*nrows that uponsuccessfulcompletionstoresthe averagesimilarity be-
tweenevery pair of siblings inthe inducedtree. In particular, tsims[i ] storesthe averagepairwise
similarity betweenthepair of clustersthatarethechildrenof the i th nodeof thetree.Notethat the
first nrowsentriesof this vectorarenotdefinedandaresetto 0.0.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

gains This is anarrayof size2*nrowsthatuponsuccessfulcompletionstoresthegainsin thevalue ofthe
criterion function resultedby the merging pairsof clusters. In particular, gains[i ] storesthe gain
achieved by merging theclustersthatarethechildrenof the i th nodeof thetree. Notethat thefirst
nrowsentriesof this vectorarenotdefinedandaresetto 0.0.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

Note
Dueto thehigh computationalrequirementsof CLUTO VA Cluster, it shouldonly beusedto clustermatrices
thathavefewer than3,000–6,000rows.
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void CLUTO SP ClusterDirect (int nrows,int *rowptr, int *rowind,float *rowval, int crfun,
int ntrials,int niter, int seed,int dbglvl, int nclusters,int *part)

Description
Usedto clustera graphinto a specified(k) numberof clustersusinga partitional clusteringalgorithmthat
computesthek-wayclusteringdirectly. Providesthefunctionalityof the-clmethod=directclusteringmethodof
thescluster program.

Input Parameter s
nrows Thenumberof rows of the input adjacency matrix whoserows storetheadjacency structureof the

betweenobjectsimilarity graph.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

crfun Theclusteringcriterionfunctionwhosemeaningandpossiblevaluesaredescribedin Section5.3.

ntrials Specifiesthenumberof differentclusteringsolutionsto becomputed.Thesolutionthatachievesthe
bestvalue ofthecriterionfunctionis theonethat is returned.Thevaluefor ntrials mustbegreater
thanzero,andvcluster’sdefault settingis 10.

niter Specifiesthemaximumnumberof iterationsthatareperformedduringeachrefinementcycle. The
valuefor niter hasto begreaterthanzero.

seed Theseedto beusedby therandom numbergenerator.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s
part This is an arrayof sizenrows that uponsuccessfulcompletionstoresthe clusteringvectorof the

matrix. Thei th entryof thisarraystorestheclusternumberthatthei th row of thematrixbelongsto.
Notethatthenumberingof theclustersstartsfrom zero.Theapplicationis responsiblefor allocating
thememoryfor this array.

Undercertaincircumstances,CLUTO maynot beableto assigna particularrow to a cluster. In this
case,thepart[] entryof thatparticularrow will besetto -1.

Note
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void CLUTO SP ClusterRB (int nrows,int *rowptr, int *rowind,float *rowval, int crfun
int ntrials,int niter, int seed,int cstype,int kwayrefine,
int dbglvl, int nclusters,int *part)

Description
Usedto clusteramatrix into aspecified(k) numberof clustersusingapartitionalclusteringalgorithmthatcom-
putesthek-waybyperformingasequenceof repeatedbisections.Providesthefunctionalityof the-clmethod=rb
and-clmethod=rbrclusteringmethodsof thescluster program.

Input Parameter s
nrows Thenumberof rows of the input adjacency matrix whoserows storetheadjacency structureof the

between-objectsimilarity graph.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

crfun, cstype
Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.

ntrials Specifiesthenumberof differentclusteringsolutionsto becomputed.Thesolutionthatachievesthe
bestvalue ofthecriterionfunctionis theonethat is returned.Thevaluefor ntrials mustbegreater
thanzero.

niter Specifiesthemaximumnumberof iterationsthatareperformedduringeachrefinementcycle. The
valuefor niter hasto begreaterthanzero.

seed Theseedto beusedby therandom numbergenerator.

kwayrefine
This parametercontrolswhetheror not theclusteringsolutionwill beglobally optimizedat theend
by performinga seriesof k-wayrefinementiterations.Thepossiblevaluesfor thisparameterare:

0 Doesnotoptimizetheclusteringsolutionglobally.

1 Optimizestheclusteringsolutionglobally.

The global optimizationof the clusteringsolution can significantly increasethe amountof time
requiredto performtheclustering.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s
part This is an arrayof sizenrows that uponsuccessfulcompletionstoresthe clusteringvectorof the

matrix. Thei th entryof thisarraystorestheclusternumberthatthei th row of thematrixbelongsto.
Notethatthenumberingof theclustersstartsfrom zero.Theapplicationis responsiblefor allocating
thememoryfor this array.

Undercertaincircumstances,CLUTO maynot beableto assigna particularrow to a cluster. In this
case,thepart[] entryof thatparticularrow will besetto -1.

Note
CLUTO SP ClusterRBis considerablyfasterthanCLUTO SP ClusterDirectandit shouldbe preferredif the
numberof desiredclustersis quitelarge(e.g., greaterthan20–30).
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int CLUTO SP GraphClusterRB (int nrows,int *rowptr, int *rowind,float *rowval, int nnbrs,
floatedgeprune,float vtxprune,int mincmp,int ntrials,int seed,
int cstype,int dbglvl, int nclusters,int *part, float *crvalue)

Description
Usedto clustera matrix into a specified(k) numberof clustersusing a graph-partitioning-basedclustering
algorithmthat computesthe k-way by performinga sequenceof repeatedmin-cut bisections. Provides the
functionalityof the-clmethod=graphclusteringmethodof thescluster program.

Input Parameter s
nrows Thenumberof rows of the input adjacency matrix whoserows storetheadjacency structureof the

between-objectsimilarity graph.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

cstype Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.

vtxprune, edgeprune
Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

nnbrs Thenumberof neighborsusedin theedge-andvertex-pruningcalculations.Notethatin thisroutine,
this variabledoesnotcontrolthenumberof neighborsin thegraph.

mincmp Thesizeof theminimumconnectcomponentthatwill beprunedprior to clustering.

ntrials Specifiesthenumberof differentclusteringsolutionsto becomputed.Thesolutionthatachievesthe
bestvalue ofthecriterionfunctionis theonethat is returned.Thevaluefor ntrials mustbegreater
thanzero.

seed Theseedto beusedby therandom numbergenerator.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s
part This is an arrayof sizenrows that uponsuccessfulcompletionstoresthe clusteringvectorof the

matrix. Thei th entryof thisarraystorestheclusternumberthatthei th row of thematrixbelongsto.
Notethatthenumberingof theclustersstartsfrom zero.Theapplicationis responsiblefor allocating
thememoryfor this array.

Undercertaincircumstances,CLUTO maynot beableto assigna particularrow to a cluster. In this
case,thepart[] entryof thatparticularrow will besetto -1.

crvalue This is avariablethatuponreturnsstorestheedge-cutof theclusteringsolution.

Returned Value
Returnsthenumberof clustersthat it found. This numberwill beequalto thenumberof desiredclustersplus
thenumberof connectedcomponentsin thegraph.

Note
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void CLUTO SA Cluster (int nrows, int *rowptr, int *rowind, float *rowval, int crfun,
int dbglvl, int nclusters,int *part, int *ptree,float *tsims,float *gains)

Description
Usedto clustera matrix into a specified(k) numberof clustersusinga hierarchicalagglomerative clustering
algorithm.Providesthefunctionalityof the-clmethod=agglo clusteringmethodof thescluster program.

Input Parameter s
nrows Thenumberof rows of the input adjacency matrix whoserows storetheadjacency structureof the

between-objectsimilarity graph.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

crfun Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s
part This is an arrayof sizenrows that uponsuccessfulcompletionstoresthe clusteringvectorof the

matrix. Thei th entryof thisarraystorestheclusternumberthatthei th row of thematrixbelongsto.
Notethatthenumberingof theclustersstartsfrom zero.Theapplicationis responsiblefor allocating
thememoryfor this array.

Undercertaincircumstances,CLUTO maynot beableto assigna particularrow to a cluster. In this
case,thepart[] entryof thatparticularrow will besetto -1.

ptr ee This is anarrayof size2*nrows that uponsuccessfulcompletionstorestheparentarrayof the bi-
naryhierarchicaltree.In this tree,eachnodecorrespondsto acluster. Theleafnodesaretheoriginal
nrowsobjects,andthey arenumberedfrom0 to nrows-1. Theinternalnodesof thetreearenumbered
from nrows to 2*nrows-2. Thenumberingof the internalnodesis performedso thatsmallernum-
berscorrespondto clustersobtainedby merging a pair of clustersearlierduringtheagglomeration
process.Therootof thetreeis numbered2*nrows-2.

The i th entryof theptreearraystorestheparentnodeof the i nodeof thetree. Theptreeentryfor
theroot is setto -1.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

tsims This is an arrayof size2*nrows that uponsuccessfulcompletionstoresthe averagesimilarity be-
tweenevery pair of siblings inthe inducedtree. In particular, tsims[i ] storesthe averagepairwise
similarity betweenthepair of clustersthatarethechildrenof the i th nodeof thetree.Notethat the
first nrowsentriesof this vectorarenotdefinedandaresetto 0.0.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

gains This is anarrayof size2*nrowsthatuponsuccessfulcompletionstoresthegainsin thevalue ofthe
criterion function resultedby the merging pairsof clusters. In particular, gains[i ] storesthe gain
achieved by merging theclustersthatarethechildrenof the i th nodeof thetree. Notethat thefirst
nrowsentriesof this vectorarenotdefinedandaresetto 0.0.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

Note
Dueto thehigh computationalrequirementsof CLUTO SA Cluster, it shouldonly beusedto clustermatrices
thathavefewer than3,000–6,000rows.
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void CLUTO V BuildT ree (int nrows,int ncols,int *rowptr, int *rowind,float *rowval, int simfun
int crfun,int rowmodel,int colmodel,floatcolprune,int treetype,
int dbglvl, int nclusters,int *part, int *ptree,float *tsims,float *gains)

Description
Builds a hierarchicalagglomerative treethatpreservestheclusteringsolutionsuppliedin thepart array. It can
build two typesof trees. The first type is a treebuilt on top of a particularclusteringsolution,suchthat the
leaves of the treecorrespondto thedifferentclusters.This is the typeof treeusedwhenthe -showtreeoption
of vcluster is specified.Thesecondtypeof treeis a completeagglomerative treethatpreservestheclustering.
This is thetypeof treeusedwhenthe -fulltreeoptionof vcluster is specified.Thehierarchicalagglomerative
treeis build sothatit optimizesa particularclusteringcriterionfunction.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsto beclustered.
rowptr, rowind, rowval

Thematrix itself in theformatdescribedin Section5.2.
simfun, crfun

Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.
rowmodel,colmodel,colprune

Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.
tr eetype

Specifiesthetypeof treethatneedsto bebuilt. Thepossiblevaluesfor this parameterare:

CLUT O TREE TOP Builds a treewhoseleaves correspondto thedifferentclusters.

CLUT O TREE FULL Builds acompletetreethatpreservestheclusteringsolution.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part An arrayof size nrows that storesthe clusteringsolution. The i th entry of this arraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

Output Parameter s
ptr ee An arraywhosesizedependson thetypeof treethatis requested.

If treetype==CLUTO TREETOP, then it is of size 2*nclusters that upon successfulcompletion
storestheparentarrayof thebinaryhierarchicaltree.In this tree,eachnodecorrespondsto acluster.
Theleaf nodesaretheoriginalnclusters clusterssuppliedvia thepart array, andthey arenumbered
from 0 to nclusters-1. Theinternalnodesof thetreearenumberedfrom nclusters to 2*nclusters-2.
Therootof thetreeis numbered2*nclusters-2.

If treetype==CLUTO TREEFULL, thenit is of size2*nrowsthatuponsuccessfulcompletionstores
theparentarrayof thebinaryhierarchicaltree. In this tree,eachnodecorrespondsto a cluster. The
leafnodesaretheoriginalrowsof thematrix,andthey arenumberedfrom 0 to nrows-1. Theinternal
nodesof thetreearenumberedfrom nrowsto 2*nrows-2. Therootof thetreeis numbered2*nrows-
2.

Thenumberingof theinternalnodesis donein sucha fashionsothatsmallernumberscorrespondto
clustersobtainedby merginga pairof clustersearlierduringtheagglomerationprocess.

The i th entryof theptreearraystorestheparentnodeof the i nodeof thetree. Theptreeentryfor
theroot is setto -1.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.
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tsims An arraywhosesizedependsonthetypeof treethatis requested.If treetype==CLUTO TREETOP,
thenit is of size2*nclustersandif treetype==CLUTO TREEFULL thenit is of size2*nrows.

Upon successfulcompletionstoresthe averagesimilarity betweenevery pair of siblings inthe in-
ducedtree. In particular, tsims[i ] storestheaveragepairwisesimilarity betweenthepair of clusters
thatarethechildrenof the i th nodeof thetree. Notethat thefirst nclusters or nrowsentriesof this
vectorarenotdefinedandaresetto 0.0.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

gains An arraywhosesizedependsonthetypeof treethatis requested.If treetype==CLUTO TREETOP,
thenit is of size2*nclustersandif treetype==CLUTO TREEFULL thenit is of size2*nrows.

Upon successfulcompletionstoresthe gainsin the value of the criterion function resultedby the
mergingpairsof clusters.In particular, gains[i ] storesthegainachieved bymergingtheclustersthat
arethechildrenof thei th nodeof thetree.Notethatthefirst nclustersor nrowsentriesof thisvector
arenotdefinedandaresetto 0.0.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

Note
In orderfor thisroutineto build theaccuratetreefor aparticularclusteringsolution,thevaluesfor therowmodel,
colmodel, andcolpruneparametersshouldbeidenticalto thoseusedto computetheclusteringsolution.

This routinecanbe usedto build the hierarchicalagglomerative treewith respectto any clusteringcriterion
functionregardlessof thecriterionfunctionusedto computetheclusteringsolution.
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void CLUTO S BuildT ree (int nrows,int *rowptr, int *rowind,float *rowval, int crfun,int treetype,
int dbglvl, int nclusters,int *part, int *ptree,float *tsims,float *gains)

Description
Builds a hierarchicalagglomerative treethatpreservestheclusteringsolutionsuppliedin thepart array. It can
build two typesof trees. The first type is a treebuilt on top of a particularclusteringsolution,suchthat the
leaves of the treecorrespondto thedifferentclusters.This is the typeof treeusedwhenthe -showtreeoption
of scluster is specified.Thesecondtypeof treeis a completeagglomerative treethatpreservestheclustering.
This is thetypeof treeusedwhenthe -fulltreeoptionof scluster is specified.Thehierarchicalagglomerative
treeis build sothatit optimizesa particularclusteringcriterionfunction.

Input Parameter s
nrows Thenumberof rows of the input adjacency matrix whoserows storetheadjacency structureof the

between-objectsimilarity graph.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

crfun Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.
tr eetype

Specifiesthetypeof treethatneedsto bebuilt. Thepossiblevaluesfor this parameterare:

CLUT O TREE TOP Builds a treewhoseleaves correspondto thedifferentclusters.

CLUT O TREE FULL Builds acompletetreethatpreservestheclusteringsolution.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part An arrayof size nrows that storesthe clusteringsolution. The i th entry of this arraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

Output Parameter s
ptr ee An arraywhosesizedependson thetypeof treethatis requested.

If treetype==CLUTO TREETOP, then it is of size 2*nclusters that upon successfulcompletion
storestheparentarrayof thebinaryhierarchicaltree.In this tree,eachnodecorrespondsto acluster.
Theleaf nodesaretheoriginalnclusters clusterssuppliedvia thepart array, andthey arenumbered
from 0 to nclusters-1. Theinternalnodesof thetreearenumberedfrom nclusters to 2*nclusters-2.
Therootof thetreeis numbered2*nclusters-2.

If treetype==CLUTO TREEFULL, thenit is of size2*nrowsthatuponsuccessfulcompletionstores
theparentarrayof thebinaryhierarchicaltree. In this tree,eachnodecorrespondsto a cluster. The
leafnodesaretheoriginalrowsof thematrix,andthey arenumberedfrom 0 to nrows-1. Theinternal
nodesof thetreearenumberedfrom nrowsto 2*nrows-2. Therootof thetreeis numbered2*nrows-
2.

Thenumberingof theinternalnodesis donein sucha fashionsothatsmallernumberscorrespondto
clustersobtainedby merginga pairof clustersearlierduringtheagglomerationprocess.

The i th entryof theptreearraystorestheparentnodeof the i nodeof thetree. Theptreeentryfor
theroot is setto -1.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.
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tsims An arraywhosesizedependsonthetypeof treethatis requested.If treetype==CLUTO TREETOP,
thenit is of size2*nclustersandif treetype==CLUTO TREEFULL thenit is of size2*nrows.

Upon successfulcompletionstoresthe averagesimilarity betweenevery pair of siblings inthe in-
ducedtree. In particular, tsims[i ] storestheaveragepairwisesimilarity betweenthepair of clusters
thatarethechildrenof the i th nodeof thetree. Notethat thefirst nclusters or nrowsentriesof this
vectorarenotdefinedandaresetto 0.0.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

gains An arraywhosesizedependsonthetypeof treethatis requested.If treetype==CLUTO TREETOP,
thenit is of size2*nclustersandif treetype==CLUTO TREEFULL thenit is of size2*nrows.

Upon successfulcompletionstoresthe gainsin the value of the criterion function resultedby the
mergingpairsof clusters.In particular, gains[i ] storesthegainachieved bymergingtheclustersthat
arethechildrenof thei th nodeof thetree.Notethatthefirst nclustersor nrowsentriesof thisvector
arenotdefinedandaresetto 0.0.

Theapplicationis responsiblefor allocatingthememoryfor thisarray.

Note
In orderfor thisroutineto build theaccuratetreefor aparticularclusteringsolution,thevaluesfor therowmodel,
colmodel, andcolpruneparametersshouldbeidenticalto thoseusedto computetheclusteringsolution.

This routinecanbe usedto build the hierarchicalagglomerative treewith respectto any clusteringcriterion
functionregardlessof thecriterionfunctionusedto computetheclusteringsolution.
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5.7 Graph Creation Routines

int CLUTO V GetGraph (int nrows,int ncols,int *rowptr, int *rowind,float *rowval,
int simfun,int rowmodel,int colmodel,floatcolprune,int grmodel,
int nnbrs,int dbglvl, int **growptr, int **growind,float **growval)

Description
Usedto createa nearest-neighborgraphof thesetof objects.This is graphcanbeusedasinput to thegraph-
partitioningbasedclusteringalgorithm(CLUTO SP GraphClusterRB).

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsto beclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

simfun Themethodusedto computethesimilarity betweenobjects,whosemeaningandpossiblevaluesare
describedin Section5.3.1.

rowmodel,colmodel,grmodel, colprune
Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

nnbrs Thenumberof neighborsof eachobjectthatwill beusedto createthenearestneighborgraph.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

Output Parameter s
growptr, growind, growval

Theseare threearraysstoringthe computedgraphin the CSR matrix format. Memory for these
arraysareallocatedwithin CLUTO’s library. However, theapplicationis responsiblefor freeingthis
memory.

Note
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int CLUTO S GetGraph (int nrows,int *rowptr, int *rowind,float *rowval, int grmodel,
int nnbrs,int dbglvl, int **growptr, int **growind,float **growval)

Description
Usedto createa nearest-neighborgraphof thesetof objects.This is graphcanbeusedasinput to thegraph-
partitioningbasedclusteringalgorithm(CLUTO SP GraphClusterRB).

Input Parameter s
nrows Thenumberof rowsof theadjacency matrix (i.e., thenumberof verticesin thegraph).

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

grmodel Thetypeof graphto beconstructed.Themeaningandpossiblevaluesaredescribedin Section5.4.

nnbrs Thenumberof neighborsof eachobjectthatwill beusedto createthenearestneighborgraph.

dbglvl Thedebuggingparameterwhosemeaningandpossiblevaluesaredescribedin Section5.5.

Output Parameter s
growptr, growind, growval

Thesearethreearraysstoringthecomputednrows-vertex graphin theCSRmatrix format.Memory
for thesearraysareallocatedwithin CLUTO’s library. However, the applicationis responsiblefor
freeingthis memory.

Note
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5.8 Cluster Statistics Routines

floatCLUTO V GetSolutionQuality (int nrows,int ncols,int *rowptr, int *rowind,float *rowval, int simfun,
int crfun,int rowmodel,int colmodel,float colprune,int nclusters,int *part)

Description
Returnsthevalue ofa particularcriterionfunctionfor agivenclusteringsolution.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsthatwereclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

simfun, crfun
Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.

rowmodel,colmodel,colprune
Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part An arrayof size nrows that storesthe clusteringsolution. The i th entry of this arraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

Returned Value
This function returnsthe value ofthe clusteringcriterion functionof the suppliedclusteringsolution. Please
referto [6] for theexactdefinitionsof thesecriterionfunctions.

Note
This routinecanbeusedto find thevalue ofany clusteringcriterionfunctionregardlessof thecriterionfunction
usedto computetheclusteringsolution.
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floatCLUTO S GetSolutionQuality (int nrows,int *rowptr, int *rowind,float *rowval, int crfun,
int nclusters,int *part)

Description
Returnsthevalue ofa particularcriterionfunctionfor agivenclusteringsolution.

Input Parameter s
nrows Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsthatwereclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

crfun Theclusteringparameterswhosemeaningandpossiblevaluesaredescribedin Section5.3.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part An arrayof size nrows that storesthe clusteringsolution. The i th entry of this arraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

Returned Value
This function returnsthe value ofthe clusteringcriterion functionof the suppliedclusteringsolution. Please
referto [6] for theexactdefinitionsof thesecriterionfunctions.

Note
This routinecanbeusedto find thevalue ofany clusteringcriterionfunctionregardlessof thecriterionfunction
usedto computetheclusteringsolution.
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void CLUTO V GetClusterStats (int nrows,int ncols,int *rowptr, int *rowind,float *rowval,
int simfun,int rowmodel,int colmodel,floatcolprune,int nclusters,
int *part, int *pwgts,float *cintsim, float *cintsdev, float *izscores,
float *cextsim,float *cextsdev, float *ezscores)

Description
Returnsanumberof statisticsabouta givenclusteringsolution.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsthatwereclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

simfun Theclusteringsimilarity functionwhosemeaningandpossiblevaluesaredescribedin Section5.3.1.
rowmodel,colmodel,colprune

Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part An arrayof size nrows that storesthe clusteringsolution. The i th entry of this arraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

Output Parameter s
pwgts An arrayof sizenclusters thatreturnsthesizesof thedifferentclusters.In particular, thesizeof the

i th clusteris returnedin pwgts[i ]. Theapplicationis responsiblefor allocatingthememoryfor this
array.

cintsim An arrayof sizenclusters that returnsthe averagesimilarity betweenthe objectsassignedto each
cluster. In particular, the averagesimilarity betweenthe objectsof the i th cluster is returnedin
cintsim[i ]. Theapplicationis responsiblefor allocatingthememoryfor thisarray.

cintsdev An arrayof sizenclusters thatreturnsthestandarddeviationof theaveragesimilarity betweeneach
objectandtheotherobjectsin its own cluster. In particular, thestandarddeviationof the i th cluster
is returnedin cintsdev[i ]. Theapplicationis responsiblefor allocatingthememoryfor thisarray.

izscores An arrayof sizenrowsthat returnsthe internalz-scoresof eachobject. The internalz-scoreof the
i th objectis returnedin izscores[i ]. Theinternalz-scoreof eachobjectis describedin thediscussion
of the-zscoresoptionof vcluster. Theapplicationis responsiblefor allocatingthememoryfor this
array.

cextsim An arrayof sizenclusters thatreturnstheaveragesimilarity betweentheobjectsof eachclusterand
theremainingobjects.In particular, theaverageexternalsimilarity of theobjectsof thei th clusteris
returnedin cextsim[i ]. Theapplicationis responsiblefor allocatingthememoryfor this array.

cextsdev An arrayof sizenclusters that returnsthestandarddeviation of theaverageexternalsimilaritiesof
eachobject.In particular, theexternalstandarddeviationof theobjectsof the i th clusteris returned
in cextsdev[i ]. Theapplicationis responsiblefor allocatingthememoryfor thisarray.

ezscores An arrayof sizenrowsthat returnstheexternalz-scoresof eachobject.Theexternalz-scoreof the
i th objectis returnedin ezscores[i ]. Theexternalz-scoreof eachobjectis describedin thediscussion
of the-zscoresoptionof vcluster. Theapplicationis responsiblefor allocatingthememoryfor this
array.
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Note
Thevariousvaluesfor thesimfun, rowmodel, andcolmodelparametersaredefinedin cluto.h, andthisheader
file mustbeincludedin all programsthatuseCLUTO’s library.

In orderfor this routineto get theaccuratestatisticsfor a particularclusteringsolution,thevaluesfor therow-
model, colmodel, andcolpruneparametersshouldbeidenticalto thoseusedto computetheclusteringsolution.
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void CLUTO S GetClusterStats (int nrows,int *rowptr, int *rowind,float *rowval, int nclusters,
int *part, int *pwgts,float *cintsim, float *cintsdev, float *izscores,
float *cextsim,float *cextsdev, float *ezscores)

Description
Returnsanumberof statisticsabouta givenclusteringsolution.

Input Parameter s
nrows Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsthatwereclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part An arrayof size nrows that storesthe clusteringsolution. The i th entry of this arraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

Output Parameter s
pwgts An arrayof sizenclusters thatreturnsthesizesof thedifferentclusters.In particular, thesizeof the

i th clusteris returnedin pwgts[i ]. Theapplicationis responsiblefor allocatingthememoryfor this
array.

cintsim An arrayof sizenclusters that returnsthe averagesimilarity betweenthe objectsassignedto each
cluster. In particular, the averagesimilarity betweenthe objectsof the i th cluster is returnedin
cintsim[i ]. Theapplicationis responsiblefor allocatingthememoryfor thisarray.

cintsdev An arrayof sizenclusters thatreturnsthestandarddeviationof theaveragesimilarity betweeneach
objectandtheotherobjectsin its own cluster. In particular, thestandarddeviationof the i th cluster
is returnedin cintsdev[i ]. Theapplicationis responsiblefor allocatingthememoryfor thisarray.

izscores An arrayof sizenrowsthat returnsthe internalz-scoresof eachobject. The internalz-scoreof the
i th objectis returnedin izscores[i ]. Theinternalz-scoreof eachobjectis describedin thediscussion
of the-zscoresoptionof vcluster. Theapplicationis responsiblefor allocatingthememoryfor this
array.

cextsim An arrayof sizenclusters thatreturnstheaveragesimilarity betweentheobjectsof eachclusterand
theremainingobjects.In particular, theaverageexternalsimilarity of theobjectsof thei th clusteris
returnedin cextsim[i ]. Theapplicationis responsiblefor allocatingthememoryfor this array.

cextsdev An arrayof sizenclusters that returnsthestandarddeviation of theaverageexternalsimilaritiesof
eachobject.In particular, theexternalstandarddeviationof theobjectsof the i th clusteris returned
in cextsdev[i ]. Theapplicationis responsiblefor allocatingthememoryfor thisarray.

ezscores An arrayof sizenrowsthat returnstheexternalz-scoresof eachobject.Theexternalz-scoreof the
i th objectis returnedin ezscores[i ]. Theexternalz-scoreof eachobjectis describedin thediscussion
of the-zscoresoptionof vcluster. Theapplicationis responsiblefor allocatingthememoryfor this
array.

Note
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void CLUTO V GetClusterFeatures (int nrows,int ncols,int *rowptr, int *rowind,float *rowval,
int simfun,int rowmodel,int colmodel,floatcolprune,int nclusters,
int *part, int nfeatures,int *internalids,float *internalwgts,
int *externalids,float *externalwgts)

Description
Returnsthe setof featuresthat bestdescribeanddiscriminateeachoneof the clustersof a given clustering
solution.It providesthefunctionalityof the-showfeaturesoptionof thevcluster program.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsthatwereclustered.
rowptr, rowind, rowval

Thematrix itself in theformatdescribedin Section5.2.

simfun Theclusteringsimilarity functionwhosemeaningandpossiblevaluesaredescribedin Section5.3.1.
rowmodel,colmodel,colprune

Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part This is anarrayof sizenrowsthatstorestheclusteringsolution.Thei th entryof thisarraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

nfeatures Thenumberof descriptiveanddiscriminatingfeaturesthatis desired.

Output Parameter s
internalids

An arrayof sizenclusters*nfeaturesthatreturnsthecolumnnumbersof thedescriptive features.The
setof featuresof the i th clusterarestoredin the internalidsarraystartingat locationi ∗ nfeatures
up to location(but excluding)(i + 1) ∗ nfeatures. Thesetof featuresfor eachclusterarereturned
in decreasingimportanceorder. The numberingof the returnedcolumnsstartsfrom zero. The
applicationis responsiblefor allocatingthememoryfor this array.

internalwgts
An arrayof sizenclusters*nfeaturesthat returnstheweightof eachoneof thedescriptive features
returnedin theinternalidsarray. Theweightof thefeaturesstoredin thei th locationof theinternalids
array is returnedin the i th locationof the internalwgtsarray. The weightsarenumbersbetween
0.0 and1.0 andrepresentthe fractionof thewithin clustersimilarity thateachparticularfeatureis
responsiblefor. Theapplicationis responsiblefor allocatingthememoryfor this array.

externalids
This is anarrayof sizenclusters*nfeaturesthat returnsthe columnnumbersof the discriminating
features.Thesetof featuresof the i th clusterarestoredin theexternalidsarraystartingat location
i ∗nfeaturesupto location(but excluding)(i +1)∗nfeatures. Thesetof featuresfor eachclusterare
returnedin decreasingimportanceorder. Thenumberingof thereturnedcolumnsstartsfrom zero.
Theapplicationis responsiblefor allocatingthememoryfor thisarray.

externalwgts
This is anarrayof sizenclusters*nfeaturesthatreturnstheweightof eachoneof thediscriminating
featuresreturnedin theexternalidsarray. Theweightof thefeaturesstoredin the i th locationof the
externalidsarrayis returnedin the i th locationof theexternalwgtsarray. Theweightsarenumbers
between0.0and1.0andrepresentthefractionof thedissimilaritybetweentheclusterandtherestof
theobjectsthateachparticularfeatureis responsiblefor. Theapplicationis responsiblefor allocating
thememoryfor this array.
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Note
Thevariousvaluesfor thesimfun, rowmodel, andcolmodelparametersaredefinedin cluto.h, andthisheader
file mustbeincludedin all programsthatuseCLUTO’s library.

In orderfor this routineto get theaccuratesetof featuresfor a particularclusteringsolution, the valuesfor
the rowmodel, colmodel, andcolpruneparametersshouldbe identicalto thoseusedto computetheclustering
solution.
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void CLUTO V GetTreeStats (int nrows, int ncols,int *rowptr, int *rowind,float *rowval,
int simfun,int rowmodel,int colmodel,float colprune,int nclusters,
int *part, int *ptree,int *pwgts,float *cintsim, float *cextsim)

Description
Returnsanumberof statisticsabouttheclusterscorrespondingto thedifferentnodesof thehierarchicalagglom-
erative tree.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsthatwereclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

simfun Theclusteringsimilarity functionwhosemeaningandpossiblevaluesaredescribedin Section5.3.1.
rowmodel,colmodel,colprune

Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part An arrayof size nrows that storesthe clusteringsolution. The i th entry of this arraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

ptr ee An arrayof size2*nclusters thatwas populatedby theCLUTO V BuildTreeroutine.

Output Parameter s
pwgts An arrayof size2*nclusters thatreturnsthesizesof theclusterscorrespondingto thevariousnodes

of the tree. In particular, the sizeof the clustercorrespondingto the i th tree-nodeis returnedin
pwgts[i ]. Theapplicationis responsiblefor allocatingthememoryfor this array.

cintsim An arrayof size2*nclusters thatreturnstheaveragesimilarity betweentheobjectsassignedto each
cluster. In particular, theaveragesimilarity betweentheobjectsof theclustercorrespondingto the
i th tree-nodeis returnedin cintsim[i ]. Theapplicationis responsiblefor allocatingthememoryfor
this array.

cextsim An arrayof size2*nclusters that returnstheaveragesimilarity betweentheobjectsof eachcluster
andtheir siblingclusterin thetree.In particular, theaverageexternalsimilarity of theobjectsof the
i th clusteris returnedin cextsim[i ]. Notethateachpairof siblingclusterswill havethesamecextsim
value.Theapplicationis responsiblefor allocatingthememoryfor this array.

Note
Thevariousvaluesfor thesimfun, rowmodel, andcolmodelparametersaredefinedin cluto.h, andthisheader
file mustbeincludedin all programsthatuseCLUTO’s library.

In order for this routine to get theaccuratestatisticsfor a particularclusteringsolution, the valuesfor the
rowmodel, colmodel, andcolprune, nclusters, part, andptreeparametersshouldbe identicalto thoseusedto
computetheclusteringsolutionandbuild thehierarchicalagglomerativetree.
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void CLUTO V GetTreeFeatures (int nrows, int ncols,int *rowptr, int *rowind,float *rowval,
int simfun,int rowmodel,int colmodel,float colprune,int nclusters,
int *part, int *ptree,int nfeatures,int *internalids,float *internalwgts,
int *externalids,float *externalwgts)

Description
Returnsthe setof featuresthat bestdescribeanddiscriminateeachoneof the clusterscorrespondingto the
variousnodesof thehierarchicalagglomerativetreethatwas built on top of theclusteringsolution.It provides
thefunctionalityof the-labeltreeoptionof thevcluster program.

Input Parameter s
nrows,ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserowsstoretheobjectsthatwereclustered.

rowptr, rowind, rowval
Thematrix itself in theformatdescribedin Section5.2.

simfun Theclusteringsimilarity functionwhosemeaningandpossiblevaluesaredescribedin Section5.3.1.

rowmodel,colmodel,colprune
Theobjectmodelingparameterswhosemeaningandpossiblevaluesaredescribedin Section5.4.

nclusters Thenumberof clustersin thesuppliedclusteringsolution.

part An arrayof size nrows that storesthe clusteringsolution. The i th entry of this arraystoresthe
clusternumberthatthei th row of thematrixbelongsto. Thisarrayshouldcorrespondto aclustering
solutionreturnedby CLUTO’sclusteringroutines.Notethatthenumberingof theclustersstartsfrom
zero.

ptr ee An arrayof size2*nclusters thatwas populatedby theCLUTO V BuildTreeroutine.

nfeatures Thenumberof descriptiveanddiscriminatingfeaturesthatis desired.

Output Parameter s
internalids

An arrayof size2*nclusters*nfeaturesthat returnsthecolumnnumbersof thedescriptive features.
Thesetof featuresof theclustercorrespondingto thei th treenodearestoredin theinternalidsarray
startingat locationi ∗ nfeaturesupto location(but excluding)(i + 1) ∗ nfeatures. Thesetof features
for eachclusterarereturnedin decreasingimportanceorder. Thenumberingof thereturnedcolumns
startsfrom zero.Theapplicationis responsiblefor allocatingthememoryfor this array.

internalwgts
An arrayof size2*nclusters*nfeaturesthatreturnstheweightof eachoneof thedescriptivefeatures
returnedin theinternalidsarray. Theweightof thefeaturesstoredin thei th locationof theinternalids
array is returnedin the i th locationof the internalwgtsarray. The weightsarenumbersbetween
0.0 and1.0 andrepresentthe fractionof thewithin clustersimilarity thateachparticularfeatureis
responsiblefor. Theapplicationis responsiblefor allocatingthememoryfor this array.

externalids
An arrayof size2*nclusters*nfeaturesthat returnsthecolumnnumbersof thediscriminating fea-
tures. Thediscriminatingfeaturesaredefinedwithin thecontext of thepair of clustersthatarethe
childrenof thesametreenode.Consequently, thereareno discriminatingfeaturesfor theroot node
of the tree. The setof featuresof the clustercorrespondingto the i th treenodearestoredin the
externalidsarraystartingat locationi ∗ nfeaturesup to location(but excluding)(i + 1) ∗ nfeatures.
Thesetof featuresfor eachclusterarereturnedin decreasingimportanceorder. Thenumberingof
thereturnedcolumnsstartsfrom zero.Theapplicationis responsiblefor allocatingthememoryfor
this array.
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externalwgts
An array of size 2*nclusters*nfeatures that returnsthe weight of eachone of the discriminating
featuresreturnedin theexternalidsarray. Theweightof thefeaturesstoredin the i th locationof the
externalidsarrayis returnedin the i th locationof theexternalwgtsarray. Theweightsarenumbers
between0.0and1.0andrepresentthefractionof thedissimilaritybetweentheclusterandtherestof
theobjectsthateachparticularfeatureis responsiblefor. Theapplicationis responsiblefor allocating
thememoryfor this array.

Note
Thevariousvaluesfor thesimfun, rowmodel, andcolmodelparametersaredefinedin cluto.h, andthisheader
file mustbeincludedin all programsthatuseCLUTO’s library.

In orderfor this routineto get theaccuratesetof featuresfor a particularclusteringsolution,thevaluesfor the
rowmodel, colmodel, andcolprune, nclusters, part, andptreeparametersshouldbe identicalto thoseusedto
computetheclusteringsolutionandbuild thehierarchicalagglomerativetree.
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6 System Requirements and Contact Information

CLUTO is written in ANSI C and hasbeenextensively testedunderLinux, Solaris,and Windows. At this point
CLUTO’s distribution is only in a binaryformat,asit is actively underdevelopment.However, we expectto make the
sourcecodeavailablein futurereleases.

Eventhough,CLUTO containsno known bugs,it doesnot meanthatall of its bugshave beenfoundandfixed. If
you find any problems,pleasesendemail to karypis@cs.umn.edu, with a brief descriptionof theproblemyou have
found.Also, any futureupdatesto vcluster will bemadeavailableonWWW athttp://www.cs.umn.edu/˜karypis/cluto.

7 Copyright Notice and Usage Terms

TheCLUTO packageis copyrightedby theRegentsof theUniversityof Minnesota.It canbefreelyusedfor educational
andresearchpurposesby non-profitinstitutionsandUS governmentagenciesonly. Otherorganizationsareallowed
to useCLUTO only for evaluationpurposes,andany furtheruseswill requireprior approval. Thesoftwaremaynot
besoldor redistributedwithout prior approval. Onemay make copiesof thesoftwarefor their use providedthat the
copies,arenotsoldor distributed,areusedunderthesametermsandconditions.

As unestablishedresearchsoftware,this codeis providedon an“as is” basiswithout warrantyof any kind, either
expressedor implied. Thedownloading,or executingany part of this softwareconstitutesan implicit agreementto
theseterms.Thesetermsandconditionsaresubjectto changeat any time withoutprior notice.
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